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Hybrid electric vehicles (HEVs) were designed as a potential solution to the ever-
increasing global problems of the energy crisis and global warming through flexibly 
utilizing both fuel and electrical energy. Besides, the emerging technologies of connected 
and automated vehicles (CAVs) have provided huge possibilities to push the boundaries of 
HEVs even further and thus have been extensively studied. In this study, a bi-level MPC-
based eco-driving strategy for CAHEVs is proposed and designed to improve fuel economy, 
reduce exhaust emissions while ensuring driving safety under the most common driving 
scenarios. First, the HEV powertrain is modelled, and the real-time data sources are in the 
intelligent transportation system (ITS) are introduced. Next, the multi-objective problem is 
formulated with three goals, namely, driving safety, fuel economy and emission reduction. 
The simulation is carried out on a map with realistic driving conditions. The results 
demonstrate the effectiveness and robustness of the proposed eco-driving strategy for 
CAHEVs.  
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Chapter 1. Introduction  
1.1 Background and motivation 
Since the birth of the first vehicle in the late 1880s, the automobile industry has been 
rapidly expanding globally, and yet automobiles are playing a crucial and indispensable 
role in modern civilization. According to the statistical report, more than 1 billion vehicles 
are running on the ground on a daily basis. The development of automobile technology has 
brought great convenience and economic benefits to human societies. Despite that, 
however, some serious problems also have come into existence and become urgent global 
concerns, such as air pollution caused by Greenhouse Gas (GHG) and depletion of 
nonrenewable energy sources, especially in fossil fuel [1–4].  
According to the 2020 annual statistical report by U.S. Energy Information 
Administration (EIA), the total global energy consumption classified by end-use sector is 
illustrated in Fig. 1. 1, and the total global energy-related carbon dioxide emissions 
classified by end-use sector is illustrated in  Fig. 1. 2 [5]. It is clearly shown that the 
transportation sector, which consumed approximately 28 Quadrillion Btu (8.21 ×
1012 kWh), accounted for around 27% of total energy consumption in 2019 and is expected 
to keep a steady amount of use through 2050. On the other hand, the carbon dioxide 
emissions of approximately 1.9 Gt produced by the transportation sector accounted for 
around 37% of total carbon dioxide emissions in 2019 and is expected to stay as the top 
carbon dioxide producer through 2050. Meanwhile, the global trends of urbanization are 
significantly increasing the demand for more automobiles in big cities, which will 






Fig. 1. 1 Energy consumption by the end-user sector [5] 
 





In response to those problems, many researchers in the past decades have proposed a 
variety of approaches, among which hybrid electric vehicles (HEVs) have shown 
tremendous potential to save energy and reduce pollutant emission [6, 7]. HEVs, as 
believed to be the transitional vehicles for automotive industry to migrate from 
conventional internal combustion engine vehicles to pure electric vehicles, stand out to 
address the problem by introducing a hybrid powertrain consisting of not only the 
conventional internal combustion engine but also the electric motor/generator supplied by 
the onboard battery pack [2, 8]. In addition, the regenerative braking technology utilized 
by HEVs enables the recycling of waste kinetic energy on the wheels. Such configuration 
design offers great flexibility in energy split control while ensuring the power demand from 
the wheels [2].  
Since the commercialized production of HEV by Toyota and Honda, there is still an 
increasing effort to push for even better fuel economy and emission reduction from HEVs. 
This can be achieved through using a well-designed powertrain, light material to reduce 
aerodynamic resistance, optimal component sizing, and so on. Among those approaches, 
the most effective and cost-friendly one is through optimal control of power flows between 
the internal combustion engine and electric motor such that the powertrain can work in the 
most efficient state while meeting the driving demand. Therefore, adopt the right energy 
management strategies (EMSs) is crucial to the improvement of fuel economy and 
reduction in exhaust emissions [2]. 
For several years, great effort has been devoted to the study of energy management 
strategies (EMSs) for HEVs [3, 9, 10]. They can be divided into two main categories, 
optimization-based strategies and heuristic/rule-based strategies. In heuristic/rule-based 
strategies, a set of rules designed by human expertise, intuition and/or mathematical models 
are deployed in real-time to determine the control action for each time step [11]. Without 
taking into account the distinction in driving conditions, they can end up with results that 
have poor adaptability and accuracy. The optimization strategies, on the other hand, 
introduce numerical or analytical control strategies to derive the optimal actions [2]. They 





methods. As a commonly used method of global optimization, dynamic programming (DP) 
can ensure the global optimality by being able to access the full information of the driving 
conditions a priori [12, 13]. Thus, it is often used as a benchmark method for many other 
EMSs. In real-world trips, however, it is impossible to obtain complete knowledge in 
advance. In addition, the complexity of DP usually leads to high computational cost, which 
is not suitable for the online control scenario. Pontryagin’s minimum principle (PMP), as 
another popular global optimization method for HEVs, as compared to DP and the results 
showed that they were very close to the ones calculated by DP [14]. However, PMP is 
optimized concerning a certain driving cycle and hence cannot guarantee the optimality of 
other driving cycles [2, 15]. As two main instantaneous optimization methods, the 
equivalent consumption minimization strategy (ECMS) converts the electrical energy 
consumption to equivalent fuel consumption upon which the calculation for optimal control 
actions is based, and model predictive control (MPC), as explained by its name, makes 
explicit use of a model and predicted information to solve the optimal control problem over 
a given time horizon. Both strategies can be applied online due to relatively low 
computational cost and easy implementation. Unlike ECMS that determines the control for 
only one time instant, MPC obtains the optimal control action over a finite domain based 
on online rolling optimization, which ensures good control and strong robustness [15]. As 
a result, MPC has attracted much academic attention throughout the years, and it is widely 
exploited on HEV in combination with a variety of strategies, including the PMP [16], 
quadratic programming [17], nonlinear programming [18] or SDP [11, 19].  
At the same time, the development of connected and automated vehicles (CAVs) in the 
intelligent transportation system (ITS) has provided a huge possibility in improving fuel 
economy and emission minimization as well as road safety. With the help of ITS and the 
upcoming ubiquitous 5G network, CAV is expected to obtain real-time data seamlessly 
from different sources including information via Vehicle-to-Infrastructure (V2I) 
communication, such as road speed limit, traffic flow data and accident location, and 
information via Vehicle-to-Vehicle (V2V) communication such as the position and 





human-driven vehicles, automated vehicles are designed to reliably and accurately execute 
real-time commands derived from control strategies [25]. Consequently, by combining the 
technologies of HEVs and CAVs, vehicles can achieve even better performance in road 
safety, energy management and emissions minimization. Current studies on connected and 
automated hybrid electric vehicles (CAHEVs) are limited to the applications to certain 
driving scenarios, such as regenerative braking scenario [26], car-following scenario [6] 
and traffic signal anticipation scenario [27]. However, since a common day-to-day driving 
trip can have complex driving conditions and consist of a combination of different driving 
scenarios, it is not optimal and implementable to apply the results from one scenario to 
some others.  
Furthermore, the concept of eco-driving has been getting more and more attention 
because the fuel consumption and exhaust emissions are also highly correlated to the 
driving style of a vehicle [28]. Eco-driving, as the name explains, refers to an ecological 
and economical driving style that can reduce carbon emissions and improve fuel economy 
[29, 30]. The eco-driving method can involve techniques such as maintaining steady 
vehicle speed, reducing the frequency of brake pedal use, driving in a high transmission 
gear, shifting up in advance, and braking smoothly [31]. Conventionally, on an internal 
combustion engine (ICE) vehicle controlled by human drivers, eco-driving techniques are 
utilized through the application of Eco-Driving Assistance System (EDAS) or Eco-Driver 
Feedback System (EDFS) that are able to assist human drivers by providing fuel-saving 
information and eco indication and advice for achieving better driving behaviors [28, 31, 
32]. Significant improvements have been observed by applying eco-driving techniques, 
according to a research [30] based on the eco-driving studies from 1985 to 2011, 
approximately 12% of fuel consumption was saved by implementing eco-driving systems 
in comparison to the results by conventional driving styles. However, with the future 
advancement of CAHEV technologies, the application of the eco-driving approach is 
expected to be more challenging yet effective on a fully automated vehicle in a connected 






The motivation of this research is to propose and design a novel eco-driving control 
strategy for connected and automated hybrid electric vehicles (CAHEVs) that is applicable 
to trips involving mixed driving scenarios. The objectives of the proposed strategy are 
improving energy management, reducing exhaust emissions and ensuring safe driving 
requirements. This research can also build the gap between the study of energy 
management strategy (EMS) applied to HEV and urban mobility regulation. 
  
Fig. 1. 3 V2V and V2I communications for CAVs in ITS 
 
1.2 Objectives and assumptions 
The primary goal of this research is to design and develop an eco-driving strategy for 
CAHEVs such that safe driving can be accomplished with improved fuel economy and 
fewer exhaust emissions, under a combination of mixed eco-driving scenarios. The 





the vehicular longitudinal acceleration is determined based on the real-time data received 
from the communications of ITS. At the lower level, the split torque ratio between the 
internal combustion engine (ICE) and the electric motor (EM) is optimized. Although the 
lower level control strategy is designed specifically for HEVs, the vehicular longitudinal 
control strategy at the higher level can be easily extended to vehicles of various types, such 
as conventional internal combustion engine vehicles, plug-in hybrid electric vehicles, 
electric vehicles, etc. 
The detailed objectives of this research include: 
(1) To model an HEV of the parallel hybrid configuration, which includes an internal 
combustion engine (ICE), an electric motor (EM) and a battery pack. 
 
(2) To build up the real-time data exchange based on Vehicle-to-Vehicle (V2V) and 
Vehicle-to-Infrastructure (V2I) communications in a realistic traffic simulation 
environment. 
 
(3) To design a model predictive control (MPC) based automated eco-driving strategy 
that optimizes three goals during driving 1) safe driving, 2) energy-saving, and 3) 
emission reduction. 
 
(4) To design a real-time classifier of driving scenarios for the studied vehicle in a 
realistic traffic simulation environment. The driving scenarios are classified into 
three cases 1) free driving scenario, 2) signal anticipation scenario and 3) car-
following scenario. 
 
(5) To develop the cost function for the above three objectives. And to tune the 
weighting factors among the proposed multi-objective optimization to obtain 






(6) To make comparative studies between the proposed MPC-based strategy and the 
conventional rule-based strategy in a realistic traffic simulation environment 
The following assumptions are made throughout the thesis 
(1) The communication time via Vehicle-to-Vehicle (V2V) and Vehicle-to-
Infrastructure (V2I) is neglected. 
 
(2) All the roads in the network are assumed to be flat road, i.e. road grade is zero. 
 
(3) The distances covering the intersection regions are neglected in odometry 
 
(4) The background traffic simulation is accident-free and collision-free 
 
(5) Only the host vehicle is connected and automated vehicle (CAV), the background 
vehicles are assumed to be connected vehicles (CVs) only 
 
1.3 Contributions 
To the knowledge of the author, the main contributions of this research are listed below: 
(1) A bi-level MPC-based eco-driving for CAV is proposed to improve fuel economy, 
reduce emissions based on driving safety.  
 
(2) The proposed strategy can be adapted to trips with a combination of mixed driving 
scenarios, namely, the free driving, the signal anticipation at the traffic signal 






(3) The system makes use of real-time information via Vehicle-to-Vehicle (V2V) and 
Vehicle-to-Infrastructure (V2I) connections to exploit the potential of MPC in 
realizing the objectives. 
 
(4) The simulation results based on a realistic simulation map are presented and 
compared to the rule-based strategy.  
 
(5) The proposed strategy provides a promising opportunity to exploit the potential of 
CAHEVs under realistic trips with all-inclusive driving scenarios. 
 
1.4 Outline 
The thesis is organized as follows: 
• Chapter 1 Introduction introduces the challenges in the research area and the 
latest technologies which the study is based on. Also, the motivation of this work 
is presented, as well as the unique contributions from this study. 
 
• Chapter 2 Literature Review reviews the existing energy management strategies 
for HEVs, the eco-driving strategy for CAVs. A review of the blending of these 
two strategies is also given, and the research gaps are identified and explained. 
 
• Chapter 3 Model Development introduces the studied HEV model, including 
the modelling of the internal combustion, electric motor, battery pack and the 
longitudinal dynamic model. Followed by the introduction of the Vehicle-to-
Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) in the intelligent 






• Chapter 4 Methodology describes the eco-driving problem to be solved, which 
is then formulated in the framework of the MPC-based algorithm regarding the 
objectives of driving safety, energy economy and emission. The benchmark eco-
driving strategy that is made up of a rule-based energy management strategy and 
a realistic driver model is also introduced. 
 
• Chapter 5 Results and Discussion provides the simulation details, and the results 
run by the proposed MPC-based eco-driving strategy and the rule-based strategy 
are shown and compared. Finally, the analysis based on the comparison results is 
given. 
 
• Chapter 6 Conclusion and Future Works concludes the current work and 
















Chapter 2. Literature Review 
2.1 Introduction 
So far, the control strategies for HEVs and CAVs have been extensively studied in the 
literature. This chapter aims to provide a comprehensive review of the existing literature, 
emphasizing mainly on the contributions to the control strategies for the connected and 
automated parallel hybrid vehicles (CAHEVs). In the end, the research gaps are also 
identified and explained.  
The review will be initiated by the introduction to the research background, HEV 
configurations and CAV technologies. Then, the existing literature on control strategies for 
HEV and CAHEV will be reviewed and evaluated in depths, concerning their control 
principles, advantages, drawbacks, limitations as well the contributions towards the 
fulfillment of several optimization objectives, including the minimization in fuel 
consumption and exhaust emission, the ability to maintain the battery SOC and the driving 
safety-related issues, if applicable. Finally, the research gaps in the literature will be 
identified and explained to pave the way for developing the proposed strategy in the 
following chapters. 
 
2.2 Hybrid electric vehicles 
Hybrid electric vehicles refer to the type of vehicle that is equipped with a hybrid 
powertrain consisting of not only the conventional fuel supplier but also the additional 
electrical energy supplier from the onboard battery pack [2, 8]. For this reason, they are 
considered as the transitional technologies for the automotive industry to migrate from 





configuration design offers great flexibility in energy split control while ensuring the power 
demand from the wheels [2].  
Compared with the operation of conventional vehicles, the internal combustion engine 
(ICE) on the HEVs can be assisted by the electric energy supplier when the engine 
efficiency is relatively poor, and it can be fully decoupled from the drivetrain when there 
is sufficient electric power to drive the vehicle. Besides, the regenerative braking can 
restore the kinetic braking energy from deceleration to charge the battery pack, which is 
otherwise wasted in the process of braking as for ICE vehicles [33]. As a result, a better 
fuel economy and fewer emissions from the engine can be achieved. 
One of the widely used methods to classify HEVs is based on the configurations of the 
vehicle powertrain. They are classified as 1) Series Hybrid, 2) Parallel Hybrid, and 3) 
Series-Parallel Hybrid. 
 
2.2.1 Series Hybrids  
The series hybrid configuration generally involves an internal combustion engine (ICE), a 
generator, an electric motor (EM), an electrical energy storage system, as shown in Fig. 2. 
1 [34]. It is often likened to the battery electric vehicle (BEV) configuration since there is 
no direct mechanical connection between the internal combustion engine (ICE) and the 
wheels, rather, the power provided from the ICE is converted to electrical power by the 
generator to charge both the battery pack and power the EM to drive the wheels [2] It’s 
worth noting that the regenerative braking is taken to charge the battery pack when the 
vehicle is decelerating or driving downhill. During urban driving, the ICE is turned off, 
and the electrical energy stored in the battery is transmitted to the EM to propel the vehicle. 
During country driving, the ICE is turned on as there is a large amount of power required 
from the wheels at high speed [35]. The advantage of this design is that the ICE can always 
operate at its high-efficiency working region and reduce fuel consumption [10, 34]. This 





battery pack to be expensive and powerful with high energy density [2]. Series hybrid 
configuration is often applied to heavy-duty commercial vehicles such as New Tesla Buses, 
TEMSA Avenue Hybrid Buses, Mercedes Citaro Buses, and so on [2, 35]. 
 
Fig. 2. 1 The series hybrid powertrain 
 
2.2.2 Parallel Hybrids 
In the parallel hybrid configuration, the powertrain consists of an internal combustion 
engine (ICE), an electric motor (EM), a battery pack as the electrical energy storage system, 
as shown in Fig. 2. 2. It is named parallel because both the ICE and EM can work 
independently or together to provide working torques to propel the vehicle [2, 34]. 
Different from the series hybrid configuration, the ICE of the parallel hybrid powertrain 
has a mechanical connection to the wheels via a gearbox. The EM can work as an assistant 





and it can work as a generator during the battery pack being charged by either the ICE or 
the kinetic power from regenerative braking [2]. When the battery state of charge (SOC) is 
high, the vehicle can be driven by the EM alone or by both ICE and EM together. When 
the battery state of charge (SOC) is low, the redundant power output from the ICE can be 
used to charge the battery pack. The advantage of this design is the flexibility of choosing 
between the ICE and EM to propel the vehicle, which decouples the ICE from the 
powertrain and enables it to work in the high-efficiency mode. However, with dual driving 
machines, it often leads to a more complex control strategy and high computational cost 
[35]. In addition, the working modes of parallel hybrid vehicles do no perform well in the 
frequent stop-and-go condition as in urban driving. Examples of vehicles with hybrid 
electric configurations include Honda Insight, Ford Escape Hybrid SUV and Lexus Hybrid 
SUV [35]. 
 





2.2.3 Series-Parallel Hybrids 
The series-parallel hybrid configuration consists of an internal combustion engine (ICE), 
motor/generator (M/G1), motor/generator (M/G2), inverter, battery pack, and power-split 
device, as shown in Fig. 2. 3. As the name explains, the series-parallel hybrid combines the 
advantages of both series hybrid design and parallel hybrid design while getting rid of their 
disadvantages by integrating both the series and parallel energy path, as shown in Fig. 2. 3 
[10, 36]. As a result, the powertrain component sizing problem can be solved by running 
the parallel hybrid mode. On the other hand, the frequent stop-and-go condition, which is 
unsuitable for parallel hybrid design, is overcome by the ability to have the battery charged 
when the vehicle remains stopped [10]. However, in comparison to the aforementioned 
configuration, the additional flexibility offered by the series-parallel hybrid configuration 
adds more complexity in the powertrain structure and the control strategy that can take the 
full use of its potential. Applications of the series-parallel hybrid configuration on 







Fig. 2. 3 The series-parallel hybrid powertrain 
 
2.2.4 Driving Cycle 
A driving cycle is a sequence of data points representing vehicle speed versus time [38, 
39]. Besides, it can also include many other driving parameters concerning the resultant 
vehicle performances, such as vehicle powertrain conditions, dynamometer settings, 
transmission shift points, cold start conditions, and so on [40]. As a result, driving cycles 
are often used as a way to evaluate and compare vehicle performances, e.g. fuel/energy 
management and exhaust emissions, in a reproducible way [40].  
Since the 1970s, great effort has been contributed to developing standard driving cycles 
in many countries [41]. Among the well-established driving cycles, the widely used ones 





Driving Schedule (UDDS) and EPA Federal Test Procedure (FTP-75) of USA and Japan 
Cycle 08 (JC08) of Japan. Fig. 2. 4 illustrates the UDDS driving cycle. 
 
Fig. 2. 4 The Urban Dynamometer Driving Schedule (UDDS) 
 
2.3 Connected and automated vehicles (CAVs) 
Connected and automated vehicles (CAV), as the name explains, is the combination of 
connected vehicle (CV) and the automated vehicle (AV). In the technology of CV, road 
vehicles are able to get real-time access to information from different resources via wireless 
connections. With access to the information in the network, the driving performance can 
thus be improved such as accident avoidance, road safety, time-saving, energy-saving and 
emission reduction. The connections are classified into two main types, Vehicle-to-
Infrastructure (V2I) communication and Vehicle-to-Vehicle (V2V) communication. Via 
Vehicle-to-Infrastructure (V2I) communication, a vehicle is able to access information 
through the roadside infrastructures about the speed limit, weather forecast, school zone 
and collision alert, traffic congestion location, and so on. With the help of Vehicle-to-
Vehicle (V2V) communication, vehicles in the same region mutually share vehicular data, 





a result, the comprehensive knowledge of the network gained in real-time can assist the 
vehicle in a better decision-making process. 
On the other hand, the automated vehicle (AV), which is fully controlled by vehicular 
control systems, was designed to compensate for the inaccuracy and inconsistency in 
human driving. For example, even with the knowledge of the road speed limit, the human 
driver may exceed the limit by occasionally over pushing the pedal position. Also, limited 
by the human attention span, a driver could make some fatal mistakes after an excessive 
and continuous long driving. Therefore, the automated vehicle system is able to 
consistently execute real-time driving commands accurately to the vehicle that ensures on-
road driving safety. 
CAVs also offers great potential in improving the fuel economy and reduce the 
pollutant emissions, as will be reviewed in Chapter 2.3. 
 
2.3.1 Eco-Driving scenarios 
Eco-driving stands for the type of control policy that the driver, either human or smart 
vehicle, execute to minimize the fuel consumption and exhaust emissions. In this study, 
the eco-driving is narrowed to the set of control commands by the automated vehicle 
system to drive the connected and automated hybrid electric vehicles (CAHEVs) for 
reducing the fuel consumption and pollutant emissions. Many factors are involved that 
affect the eco-driving performance, including vehicle speed, acceleration and deceleration, 
idling state, and so on. On the other hand, the optimal route choice belongs to the category 
of eco-routing. Therefore, it is out of the scope of this study. 
Some of the most common eco-driving scenarios can be presented in a non-exhaustive 





1. Accelerating to a cruise speed: the vehicle begins with a given speed 𝑣𝑖 , and 
continuously accelerates to a target speed 𝑣𝑓 (𝑣𝑓>𝑣𝑖) 
 
2. Cruising: the vehicle keeps the speed 𝑣𝑖 constant to a target speed 𝑣𝑓=𝑣𝑖 
 
3. Decelerating to a final speed: the vehicle continuously decelerates its speed 𝑣𝑖 to a 
lower target speed 𝑣𝑓 (𝑣𝑓<𝑣𝑖) 
 
4. Driving between stops: the vehicle begins with 𝑣𝑖=0 and ends the trip with 𝑣𝑓 = 0 
 
5. TSCI approaching: the vehicle approaches a TSCI from a speed 𝑣𝑖 to a speed 𝑣𝑓 either 
𝑣𝑓 = 0 when the traffic signal does not permit vehicle passing, or 𝑣𝑓>0 when the 
traffic light allows vehicle passing 
 
6. Urban trip: the vehicle drives in urban condition with frequent stop-and-go which can 
involve 1~5 
 
7. Highway trip: the vehicle drives in highway condition in a relatively high driving 
speed with few to none stop, which can involve 1~4 
 
8. Car following: the vehicle speed 𝑣𝑖 is constrained by the preceding vehicle speed 𝑣𝑓 
since a safe inter-vehicle distance is meant to be kept  
For the sake of designing an eco-driving system for all the above scenarios, the listed 
ones are therefore classified into three main categories, as (I) free driving scenario: includes 
case 1~4, (II) signal anticipation scenario: includes case 5, and (III) car-following scenario: 
includes case 8. Case 6 and 7 are compounded cases that can be achieved by realizing their 
component cases. In the rest of the study, the control strategies for connected and 
automated hybrid electric vehicles (CAHEVs) will be proposed and designed in accordance 





2.4 Literature review on control strategies for CAHEVs 
2.4.1 Energy management strategies (EMSs) for HEVs 
The main challenge in the powertrain operation of HEV comes from the optimal control of 
power flow between the ICE and the EM to meet the driving demand while improving the 
energy economy and reduce the exhaust emissions at the same time [10] Regardless of the 
type of HEVs, adopting the right energy management strategies (EMSs) are crucial to the 
realization of these goals [2]. 
The topic of EMS has been extensively studied with the development of HEV during 
the past decades, and a great many strategies have been proposed. For the EMS, the inputs 
usually include vehicle power demand, vehicle speed and acceleration, battery state of 
charge (SOC) and sometimes the future traffic condition obtained from GPS or intelligent 
transportation system, if applicable [2]. The output commands of control strategies decide 
in what mode the vehicle should operate, for example, regenerative braking mode, ICE-
only mode, and so on [2]. Until now, the existing EMS can be classified into two main 
categories: 1) rule-based control and 2) optimization-based control, as shown in Fig. 2. 5. 












2.4.1.1 HEV working modes 
The control action in a parallel hybrid electric powertrain mainly concerns how to 
determine the best split ratio between the mechanical power provided by the ICE and the 
electrical power provided by EM in a way that minimizes the optimization goals. The 
power paths, along with the vehicle modes, are shown in Fig. 2. 6 and Table. 2. 1, and the 
split ratio to be determined is defined as the ratio of the electrical power 𝑃𝐸𝑀(𝑡) to the total 
required power 𝑃𝑟𝑒𝑞(𝑡) as,  
 
Table. 2. 1 HEV working modes 
Operation mode 𝑢(𝑡) Clutch 
Engine only 0 Open 
Electric only 1 Closed 
Hybrid / Electric assist (0,1) Open 
Battery charging (-∞, 0) Open 
Regenerative Braking (-∞, 0) Closed 
 
Among the above working modes, the engine only mode is when the sole vehicle power 
depends on the output power of ICE that helps ICE to remain in its high-efficiency region. 
The electric-only mode refers to the mode when the vehicle is propelled by the electrical 
energy supplied by the EM. It is on when the ICE operates in low efficiencies, such as at 
low vehicle speed. The hybrid / electric assist is on either when the required power from 
the wheels is higher than the power provided by the ICE, or to make the ICE work at high 
torque region. When the battery SOC is lower than the preset limit, the vehicle switches to 









vehicle is decelerating, the EM is able to work as a generator to absorb the braking kinetics 
to charge the battery.  
 
Fig. 2. 6 The vehicle working modes, (a) electric only, (b) hybrid / electric assist, (c) 





2.4.1.2 HEV rule-based control strategies 
The rule-based control strategies, as the name indicates, make use of simple rules derived 
from human expertise (engineering knowledge), mathematical models, intuition with the a 
priori information of a driving cycle, to control the power flow in the hybrid powertrain 
[35, 37]. They are the most widely used strategy to implement in real-time for an HEV [2]. 
The advantage of rule-based control strategies is their low computational cost and 
simplicity in real-time execution [10]. The drawbacks, however, are that the set of pre-
defined rules is only optimized for a certain driving cycle or driving condition. Therefore 
it produces results that are non-optimal or sometimes far from optimal unless the 
knowledge of real-time driving cycle is fully apprehended [10] The rule-based strategies 
can be further categorized as deterministic-based strategies and fuzzy-based strategies.  
In deterministic-based strategies, a pre-defined lookup table that has a set of fixed rules 
is used to deliver real-time control to the vehicle [37]. For example, Kim et al. [42] 
proposed a deterministic rule-based strategy for HEV with the continuously variable 
transmission (CVT) that derived the hybrid optimal operation line (HOOL) based on a set 
of principles for converting battery power to equivalent fuel consumption. As a result, 
optimal control variables such as gear ratio, engine torque and motor torque can be obtained 
online, and fuel consumption can be reduced. Similarly, in order to make a parallel HEV 
work properly according to the power demand and battery SOC, the power follower 
(baseline) control strategy [43] controls the engine on/off state based on a set of pre-defined 
rules. Also, Jalil et al. [44] designed a thermostat control strategy for a series HEV that 
applied a simple rule to maintain the battery SOC in the upper and lower bounds by turning 
the engine on/off. The results were compared to another rule-based strategy to show the 
improvement in fuel economy. Electric-assist control strategy (EACS) [45] probably is the 
most successfully applied and widely used deterministic rule-based strategy for HEV in 
which the engine works as the main power source while the motor serves to assist the 
engine when the required demand is higher than the engine can provide, or when the engine 





in the rules. However, a large number of parameters in EACS increase the sensitivity to 
driving patterns and result in less robustness.  
Though the above mentioned deterministic rule-based strategies show good results in 
certain driving condition and profile, however, a huge amount of time will be needed to 
tune and calibrate the strategies to work for other driving conditions, thus are less adaptive 
and robust to complex driving conditions such as real-world traffic scenario. In response 
to the above disadvantages of deterministic rule-based strategies, fuzzy rule-based 
strategies were designed to tackle those issues. 
Basically, fuzzy-based control strategies are derived from conventional deterministic 
rule-based strategies. However, unlike the deterministic rules as in previous methods, in a 
fuzzy rule-based controller, the linguistic commands are converted into multivalued logical 
rules using fuzzy set theory. Consequently, they are more robust and tolerant of imprecise 
measurements and system variations and more adaptive to various driving conditions [46]. 
For example, in [47], a fuzzy rule-based strategy was proposed for a parallel HEV. A 
dynamo test was performed to set up the fuzzy relationship between the inputs of 
acceleration pedal stroke and motor speed, and the output motor torque command. The 
results show the robustness to disturbances and a 20% reduction in NOx emissions with 
balanced battery level. Moreover, as the objectives of minimizing fuel consumption and 
emissions are often conflicting, for instance, a decrease in fuel consumption would lead to 
an increase in exhaust emissions, an adaptive fuzzy rule-based strategy [48] as designed to 
make a trade-off between the objectives of fuel and emissions by using the weighted sum 
approach. With the relative weights assigned, a significant reduction was found in 
emissions at the expense of a negligible increase in fuel consumption. In addition, unlike 
the above fuzzy rule-based strategies that aim to achieve local best solutions, a global best 
solution can be obtained by obtaining the knowledge of the trip in advance. Therefore, 
Ichikawa et al. [49] proposed a predictive fuzzy rule-based strategy that is able to predict 
the future driving pattern from the historical data. Based on the predicted driving pattern, 





Typically, the rule-based strategies are easy to implement, hence widely used in real-
time control. Due to the fact that they are derived from heuristic rules and human expertise 
rather than an optimization approach based on numerical models, they often produce near-
optimal results. The summary of rule-based strategies is listed in Table. 2. 2. 
 
Table. 2. 2 Summary on rule-based energy management strategies for HEV 
Strategy Category Online/Offline Descriptions 
HOOL-based [42] Deterministic 
rule-based 
Online ▪ The hybrid optimal operation line (HOOL) 
derived from a set of pre-defined rules 





Online ▪ Engine power state controlled by a set of 
rules 
▪ Tuned for specific driving conditions 
Thermostat [44] Deterministic 
rule-based 
Online ▪ Engine controlled by a set of rules for 
balancing battery SOC  
▪ Tuned for specific driving conditions 
EACS [45] Deterministic 
rule-based 
Online ▪ Most widely used deterministic rule-based 
strategy for HEV 
▪ Motor assisting engine based on a set of 
rules with battery SOC considered  





Online ▪ Motor operation determined by a set of 
fuzzy rules from dynamo test 






Online ▪ Weighted-sum optimization based on 
adaptive fuzzy rules  






Online ▪ A set of fuzzy rules for predicting future 
driving patterns based on historical data 







2.4.1.3 HEV optimization-based control strategies 
In optimization-based strategies, the control system adopts an analytical or numerical 
approach to minimize a cost function that can have either single or multiple objectives [37]. 
They can ensure a higher degree of optimality than rule-based strategies. However, the 
calculation usually imposes a heavy burden on the computer. They can be further divided 
into global optimization and real-time optimization.  
In global optimization, the entire knowledge of driving conditions is required a priori 
to derive the global optimal control policies for HEV. For example, dynamic programming 
(DP), which is derived from Bellman optimality equations, is often used as a benchmark 
method for other strategies because it can guarantee global optimal results once the 
knowledge of driving pattern is given. In the study [50], dynamic programming (DP) was 
applied on a hybrid electric truck to find the global optimal control policies, including the 
gear shifts and power split between the engine and motor while keeping the battery in a 
balanced SOC. The optimal results show a considerable amount of emissions were reduced 
in the sacrifice of a small amount of fuel increase. However, the results calculated by the 
dynamic programming are only optimized for a specific driving cycle, that is to say, the 
results are not guaranteed to be global optimal when the results are applied in other driving 
conditions. As a remedy, stochastic dynamic programming (SDP) was utilized by Lin et al. 
[51] on a parallel HEV to obtain optimal instantaneous engine output power. In this SDP, 
on the basis of a few pre-defined typical driving cycles, the vehicle power demand is 
modelled as a random Markov process in which the current state variables can be derived 
by a state transition probability solely from the previous state instead of from the historical 
states. As a result, the optimized control policy is in the form of stationary full-state 
feedback over a set of preset random driving cycles in an average sense [2] and can be 
applied to different driving cycles. Though more adaptive than DP, the optimality of SDP 
is highly concerned with the similarity between the pre-defined driving cycle and the tested 
driving conditions, including the type of roads, the impact of weather, mixed traffic 





the intrinsic complexity of Bellman equations. Genetic algorithm (GA) is another approach 
to achieve global optimality, which is inspired by Darwin’s theory of evolution. GA begins 
with a group of chromosomes representing the preliminary solutions. The chromosomes 
can perform mutation and crossover in order to produce the offspring candidate for the 
optimal solution, and this process repeats itself until the terminal condition is reached [2]. 
It is useful for solving constrained nonlinear optimization problems [46]. For example, GA 
was adopted in [52] for a series HEV. In this study, the problem of fuel economy and 
emission reduction is formulated as a multi-objective optimization and is solved by GA. 
The results demonstrate the effectiveness of GA in solving constrained multi-objective 
optimization. Nevertheless, due to the time-consuming computation spent on mutation, 
crossover and selection, GA is not readily implementable in real-time. Another approach 
originated from natural phenomenon is particle swarm optimization (PSO). It was inspired 
by the social behaviour of bird-flocking in which the particles that are the representation 
of birds are searching around a solution space for improving better solutions over the steps 
[2]. In [53], for example, Huang et al. adopted PSO on the multilevel hierarchical control 
to minimize the fuel consumption for a parallel HEV. The results showed an improved fuel 
economy was achieved in comparison to a built-in control strategy in the PNGV system 
analysis toolkit (PSAT). Like previously mentioned global optimization strategies, PSO 
also suffers from high computational cost and is not suited to be used online. 
On the other hand, the real-time optimization strategies intend to minimize 
the instantaneous cost function in a short domain. This is accomplished by breaking down 
the global optimization into a sequence of local optimization. Consequently, the total time 
cost can be greatly shortened [2]. Despite producing sub-optimal results when compared 
with global optimization approaches, real-time optimization strategies have received great 
attention from researchers in the field of HEV control [2]. For instance, Pontryagin's 
minimum principle (PMP) is among the most popular real-time optimization strategies for 
HEV power management. PMP can be used under the assumption that the optimal solution 
can be found through the instantaneous minimization of a Hamiltonian function over a 





the control law for a plug-in HEV. The results demonstrate that by an acceptable 
approximation of the co-state from the past driving patterns, the produced results can be 
near-optimal in comparison to the global optimal solutions produced by DP. The drawback 
of PMP lies in that the co-state as the only variable is highly related to the selected driving 
patterns. As a result, the optimally tuned PMP that works for a family of driving patterns 
can be suboptimal in other driving patterns. While in equivalent consumption minimization 
strategy (ECMS), the solving Hamiltonian function is simplified to the calibration of the 
equivalent factor 𝜆 that balances the use between fuel and electrical energy. It is proposed 
by Paganelli et al. [56] as a way to achieve an optimal solution by minimizing the 
instantaneous weighted sum cost function consisting of the actual fuel consumption, and 
the equivalent fuel consumption from the electrical energy [11]. In the study by Sciarretta 
et al. [57], the cost function that adds up the instantaneous fuel consumption and the 
equivalent fuel consumption based on the electrical energy is minimized at each time step, 
and a fuel reduction up to 50% was found when compared with other conventional 
algorithms. The problem with ECMS is that the calibration of the equivalent factor 𝜆 
requires full knowledge of the driving cycle or future driving prediction in the optimization 
[58]. Whereas the actual driving pattern often differs from the pre-defined one in ECMS, 
the results will be compromised and thus is not optimal. Model predictive control (MPC) 
is another type of strategy that can be implemented in real-time. In MPC, the optimal 
control problem in the finite control horizon is solved at each time instant, and the optimal 
set of control actions is obtained as the first element of the optimal control policy in the 
control horizon. To solve optimization problems, MPC can be matched to a variety of 
strategies including the PMP [16], quadratic programming [17], nonlinear programming 
[18],or SDP [11, 19]. In recent years, different types of MPC have been widely used in 
HEVs due to its rapid computation, capability in dealing with constrained multivariable 
problems and potential for solving optimization problems as a receding horizon control 
strategy [11]. For example, Sun et al. [59] developed a bi-level MPC-based energy 
management strategy for plug-in HEV that utilizes the real-time traffic data to control the 
battery SOC and reduce fuel consumption simultaneously. The results showed a 94%~96% 





[27], a bi-level MPC was applied to an HEV to achieve eco-driving in an urban driving 
condition. In this control strategy, the optimal vehicle velocity is determined at the upper 
level, while the torque split ratio and gear shift are optimized at the lower level. The results 
show an improvement in fuel economy. The summary of optimization-based strategies is 
listed in Table. 2. 3. 
 
Table. 2. 3 Summary on optimization-based energy management strategies for HEV 
Strategy Category Online/Offline Descriptions 
DP [50] Global 
optimization 
Offline ▪ Often used as a benchmark strategy 
▪ Required knowledge of driving conditions  
▪ Optimized for the specific driving cycle(s) 
▪ High computational cost 
SDP [51] Global 
optimization 
Offline ▪ Based on a state transition probability 
obtained by driving cycles 
▪ More adaptive than DP  
▪ High computational cost 
GA [52] Global 
optimization 
Offline ▪ Inspired by Darwin’s theory of evolution 
▪ Complexity growing with solution spaces 
▪ High computational cost 
PSO [53] Global 
optimization 
Offline ▪ Inspired by natural phenomenon  
▪ High computational cost 
PMP [55] Real-time 
optimization 
Online ▪ Among the most popular strategies 
▪ Tuned for specific driving cycles 
▪ For real-time implementation 
ECMS [57] Real-time 
optimization 
Online ▪ Simplified version of PMP 
▪ Tuned for specific driving cycles 
▪ For real-time implementation 
MPC [27, 59] Real-time 
optimization 
Online ▪ Widely used strategy on HEVs 
▪ Capable of dealing with constrained 
multivariable problems 
▪ A receding horizon control strategy 





2.4.2 Control strategies for CAHEVs 
In addition to the potentials of improving the powertrain working efficiency enabled by 
various EMSs of HEVs, the recent emergence of connected and autonomous vehicles 
(CAVs) in the context of Intelligent Transportation Systems (ITS) have offered an 
unprecedented opportunity for energy saving and emission reduction in automobiles. So 
far, some studies have been done concerning the control strategies for connected and 
automated hybrid electric vehicles (CAHEVs). The following reviews will be done for 
each of the categories listed in Chapter 2.3.1. 
For the scenario of free driving, for example, in [60], the integration of V2I data into 
the MPC-based EMS enables the system to obtain an optimal driving profile, and reduced 
vehicle emissions for a hybrid electric bus over a fixed route with knowledge obtained a 
priori. Also, in the study [61], based on a reference driving cycle, the vehicle speed 
trajectory was generated offline by dynamic programming (DP) to realize the goal of fuel 
economy, and the results indicate the effectiveness of applying eco-driving to vehicles with 
HEV configuration. Similarly, in [62], given a series of target speed points, the torques and 
speeds of ICE and EM are determined by an MPC-based strategy to control the vehicle 
speed to improve the driving performance. In [26], Wu et al. designed a hierarchical control 
strategy with the consideration of the battery ageing problem for HEV in the case of 
regenerative braking. During the braking process, an upper-level controller is able to 
control the decelerating speed, which is sent to the lower level to optimize the power path 
in the vehicle powertrain system. The simulation was carried out on a hybrid electric bus, 
and the results were superior to the one computed by a logic-based strategy. 
Considering the scenario that involves a traffic signal system, for example, in [27], Guo 
et al. proposed a bi-level MPC-based strategy. At the upper level, the optimal speed profile 
is achieved based on the traffic signal information. At the lower level, the MPC strategy is 
utilized for energy management problem in HEV. In the study [63], the author proposed 
an MPC-based eco-driving strategy for HEV that is capable of optimizing the speed profile 





human driver. It was demonstrated that by equipping this speed control strategy, the speed 
profile along with the fuel economy was improved greatly.  
In order to achieve eco-driving during the car-following scenario, for example, in the 
study [6], a two-level strategy is devised for a multi-objective problem. The upper level of 
the system aims at keeping the host vehicle within a safe distance while following the 
preceding vehicle. The lower level applies the cost derived from ECMS on the powertrain 
to help the engine work in high efficiency and keep a balance between the fuel energy and 
electrical energy use. Similarly, Shieh et al. [64] designed an online eco-driving strategy 
for HEV to achieve the objectives of fuel-saving and driving performance. This strategy 
particularly deals with the pulse and glide (PnG) operation in the car-following scenarios.   
As to the eco-driving in a combination of different scenarios, for example, in [65], 
based on the real-time data obtained from ITS communications, Zhao et al. proposed an 
integrated eco-driving control strategy for intelligent hybrid vehicles (IHV) for two 
scenarios 1) adaptive cruise control (ACC) during car-following case and 2) regenerative 
braking control (RBC) during vehicle deceleration. There are three key components in this 
strategy, namely, the ACC to keep the safe distance with the preceding vehicle, the RBC 
to determine the optimal powertrain torque distribution, and the coordinated control 
strategy for both ACC and RBC. The simulation was performed on a straight single-lane 
with no traffic lights, and the result demonstrates that 5.9% in the energy cycling efficiency 
can be achieved by this algorithm when compared with a rule-based strategy. In work [66], 
in order to achieve optimal fuel economy, maintain SOC level and execute safe driving, 
the author developed a multi-level eco-driving algorithm for HEV that includes two stages. 
At the first stage, a global optimal speed profile is generated offline based on the historical 
data on a chosen route with traffic conditions indicated by the distance between the host 
and the preceding vehicle. At the second stage, the host vehicle adapts its speed to the 
simulated traffic on a short horizon. Though the combination of these two stages produces 
an effective eco-driving method for HEV, however, throughout the trip, the host vehicle 





level is embodied in the distance between those two vehicles which makes it oversimplified 
and impractical in real driving situations. 
 
2.4.3 Existing research gaps in eco-driving for CAHEVs 
As reviewed thus far, most of the research efforts have addressed the eco-driving problem 
of CAHEVs in limited driving scenarios, for example, regenerative braking control as 
studied in [6], car-following control as studied in [6, 65], speed regulation based on traffic 
signals as studied in [45]. However, to address the eco-driving problem on an actual day-
to-day trip in ITS, a vehicle can encounter mixed driving scenarios [67]. For instance, a 
vehicle may accelerate from a complete stop until its speed reaches the road speed limit, 
then the vehicle anticipates the upcoming traffic signal when it is approaching an 
intersection, or a vehicle may follow a preceding vehicle until a right turn comes that leads 
it to another vehicle to follow [67]. As a result, regarding the application of CAHEVs in 
ITS, an eco-driving strategy that deals with a certain driving scenario may be far from 
optimality or adaptability when it is applied to another driving scenario. Therefore, it is 
desirable to design an eco-driving algorithm for CAHEVs to apply in ITS that can deal 
with a combination of the most common driving scenarios. In this study, an actual day-to-
day driving can be broken down into three basic scenarios depending on most common 
driving scenarios in Chapter 2.3.1, as 1) free driving: when the vehicle can drive with no 
obstacle ahead to reach the road speed limit; 2) signal anticipation: when the vehicle makes 
safe decisions in approaching a traffic signal-controlled intersection; 3) car-following: 
when the vehicle follows a preceding vehicle in the same lane [67].  
In addition, as two of the main goals in eco-driving problem, the optimization of fuel 
economy and the reduction of engine-out pollutant emissions are usually achieved 
separately in current studies as they are often conflicting, e.g. when the fuel is decreased, 
the exhaust emissions may go up and vice versa [45, 67]. However, with the approach of 





the eco-driving problem [45]. So far, no work has been done regarding the application of 
CAHEVs to simultaneously improve energy economy and exhaust emissions reduction 
with driving safety ensured on a day-to-day ITS trip that involves mixed driving scenarios. 
To explore the eco-driving potential of CAHEVs and address the limitations of the 
aforementioned literature, an online eco-driving control strategy for CAHEV is proposed 
and designed in this study. The objectives to consider are fuel economy, exhaust emission 
reduction and driving safety. To achieve the above goals, a bi-level MPC-based approach 
is taken to solve the multi-objective optimization problem. At the lower level, the control 
strategy aims to determine the optimal power distribution between ICE and EM, while at 
the upper level, the vehicle speed profile is fully controlled and optimized by the intelligent 
system.   
 
2.5 Summary 
In this chapter, the background of HEV and CAV technologies were introduced first, and 
then, a literature review was done on the energy management strategies (EMS) for HEV. 
A variety of EMSs were analyzed concerning their principles, advantages and limitations, 
and contributions. Next, a number of control strategies that are applied to CAHEV were 







Chapter 3. Model Development 
3.1 Modelling of Hybrid Electric Vehicles (HEVs) 
In this chapter, the host vehicle configuration is modelled first, followed by the modelling 
of the intelligent transportation system (ITS) that provides real-time Vehicle-to-Vehicle 
(V2V) and Vehicle-to-Infrastructure (V2I) data to help the host vehicle derive optimal 
strategy for eco-driving scenarios. 
 
3.1.1 HEV Configuration 
This study considers a single-shaft hybrid electric vehicle (HEV) for the host vehicle, 
which is equipped with a 63kW/1.9L internal combustion engine (ICE), a 49 kW electric 
motor (EM), an automated mechanical transmission (AMT) and a battery pack, as shown 
in Fig. 3. 1. The parallel power flow paths include the mechanical power path that transfers 
the power supplied by the fuel tank to the ICE, then goes through the EM and drives the 
wheels and the electrical power path that brings the electrical power from the battery pack 







Fig. 3. 1 Single-shaft pre-transmission HEV Powertrain 
 
The powertrain is equipped with an internal combustion engine (ICE), a clutch, a 
battery pack, an electric motor (EM), an inverter and an AMT transmission box. The 
parallel power flow paths include the mechanical power path that transfers the power 
supplied by the fuel tank to the ICE, then goes through the EM and drives the wheels and 
the electrical power path which brings the electrical power from the battery pack to the EM 
to propel the vehicle. The component specifications are listed in Table. 3. 1, which is 













Vehicle Mass (m) 
Frontal Area (A) 




Engine Saturn 1.9L (63kW) SOHC SI Engine 
Motor Honda 49kW Permanent Magnet Motor 
Battery 13Ah, 120 cells, ESS_NIMH6 
Transmission AMT, Gear ratio: [3.79, 2.17, 1.41, 1, 0.86] 
Final Drive  4.55 
Friction Coefficient (μ) 0.0150 
Aerodynamic Coefficient (𝑪𝒅) 0.30 
Air Density (𝝆𝒂𝒊𝒓) 1.20 𝑘𝑔/𝑚
3 
 
The clutch works as an ON-OFF switch of the ICE, and it can either be engaged or 
disengaged, denoted as 𝑆𝐼𝐶𝐸 = [0,1] [58]. When the clutch is engaged, 𝑆𝐼𝐶𝐸 = 1, the ICE 
is connected to the powertrain thus can provide mechanical power. When the clutch is 
disengaged, 𝑆𝐼𝐶𝐸 = 0, the ICE is decoupled from the powertrain while the electric motor 
is the only machine that drives the vehicle.  
The inverter can convert between the direct current (DC) power, which is the electricity 
stored in the battery pack, and the alternating current (AC) power, which is generated by 
the electric motor [69]. 
 
3.1.1.1 Internal combustion engine (ICE) model 
ICE is the main mechanical power supplier of an HEV. In propelling the vehicle, the 
ICE outputs the mechanical power at the sacrifice of the fuel supplied by the fuel tank, at 





consumption rate of the ICE can be modelled as a function of the instantaneous engine 
torque 𝑇𝐼𝐶𝐸 and angular speed 𝜔𝐼𝐶𝐸, as follows [6],  
where  𝐵𝑆𝐹𝐶 stands for Brake Specific Fuel Consumption, and it is often in the unit of 
𝑔/𝑘𝑊ℎ. The BSFC map of the studied Saturn 1.9L (63kW) SOHC SI Engine is illustrated 
in Fig. 3. 2 (a).  
The instantaneous fuel consumption per second of the ICE can be derived, as follows 
[6],  
and it is in the unit of 𝑔/𝑠. It is worth mentioning that the ICE can not operate below the 
idle speed.  
Similarly, the instantaneous ICE exhaust emissions (𝐻𝐶,𝐶𝑂, 𝑁𝑂𝑥) can be modelled 
concerning the instantaneous engine torque 𝑇𝐼𝐶𝐸 and angular speed 𝜔𝐼𝐶𝐸, as follows [6],  
where ?̇?ℎ𝑐 , ?̇?𝑐𝑜 and ?̇?𝑛𝑜𝑥 are the instantaneous emissions of 𝐻𝐶, 𝐶𝑂, 𝑁𝑂𝑥 in the unit of 
𝑔/𝑠. The studied Saturn 1.9L (63kW) SOHC SI engine-out emission efficiency maps for 
𝐻𝐶, 𝐶𝑂, 𝑁𝑂𝑥 are displayed in  Fig. 3. 2 (b), (c), (d), respectively. 
𝐵𝑆𝐹𝐶 =  𝑓𝐼𝐶𝐸(𝑇𝐼𝐶𝐸 , 𝜔𝐼𝐶𝐸) (3. 1) 
?̇?𝑓𝑢𝑒𝑙 =  
𝑇𝐼𝐶𝐸 ∙ 𝜔𝐼𝐶𝐸 ∙ 𝐵𝑆𝐹𝐶
3.6 × 106






𝑇𝐼𝐶𝐸 ∙ 𝜔𝐼𝐶𝐸 ∙ 𝑓ℎ𝑐(𝑇𝐼𝐶𝐸 , 𝜔𝐼𝐶𝐸)
3.6 × 106
?̇?𝑐𝑜 =
𝑇𝐼𝐶𝐸 ∙ 𝜔𝐼𝐶𝐸 ∙ 𝑓𝑐𝑜(𝑇𝐼𝐶𝐸 , 𝜔𝐼𝐶𝐸)
3.6 × 106
?̇?𝑛𝑜𝑥 =
𝑇𝐼𝐶𝐸 ∙ 𝜔𝐼𝐶𝐸 ∙ 𝑓𝑛𝑜𝑥(𝑇𝐼𝐶𝐸 , 𝜔𝐼𝐶𝐸)
3.6 × 106






Fig. 3. 2 Operation points of Saturn 1.9L (63kW) SOHC SI Engine on fuel economy 
and engine-out emissions contour maps (a) Fuel economy (b) HC emission (c) CO 
emissions and (d) NOx emission 
 
3.1.1.2 Electric motor (EM) model  
The EM is the electrical power supplier of the studied vehicle. Working as an electric motor, 
it takes power from the battery pack and output to drive the vehicle. Working as a generator, 
on the other hand, it absorbs the power sent from the ICE either from redundant engine 







modelled as a function of the instantaneous EM torque 𝑇𝐸𝑀 and angular speed 𝜔𝐸𝑀, as 
follows [6],  
The power of the EM can then be written as follows [6], 
where 𝛼 equals to 1 when the EM works as a generator, and it equals to -1 when the EM 
works as an electric motor.  
 
3.1.1.3 Battery pack model  
The battery pack is modelled using the equivalent circuit model with an open circuit 
voltage equipped with an internal resistance [70], as shown in Fig. 3. 3. The battery power 
that supplies the EM can be written as follows [59],  
where 𝑉𝑜𝑐 , 𝐼𝑏𝑎𝑡𝑡 , 𝑅𝑏𝑎𝑡𝑡  are the open-circuit voltage, current in the circuit, and internal 
resistance, respectively.  
 
Fig. 3. 3 Equivalent circuit model for battery pack 
𝜂𝐸𝑀 =  𝑓𝐸𝑀(𝑇𝐸𝑀 , 𝜔𝐸𝑀) (3. 4) 
𝑃𝐸𝑀 = 𝑇𝐸𝑀 ∙ 𝜔𝐸𝑀 ∙ 𝜂𝐸𝑀
𝛼  (3. 5) 







The rate of the state of charge (SOC) that shows the remaining battery energy is 
modelled as follows,  
where 𝑄𝑏𝑎𝑡𝑡 is the maximum battery capacity. 
Combining Eq. (3. 6) and Eq. (3. 7) results in the following equation,  
The power exchange between the battery pack and the EM is represented as follows,  
where 𝑇𝐸𝑀 and 𝜔𝐸𝑀 are the EM torque and its rotational speed. When 𝑇𝐸𝑀 is positive, the 
battery power 𝑃𝑏𝑎𝑡𝑡 is positive, the battery pack is discharging. When 𝑇𝐸𝑀 is negative, the 



















3.1.1.4 Vehicle Dynamics 
 
Fig. 3. 4 Longitudinal vehicle dynamics 
 
 
The required power for the vehicle is depicted in Fig. 3. 4 and given by the following 
equation [71, 72],  
where the 𝐹𝑟 ,  𝐹𝑔,  𝐹𝑎,  𝐹𝑖 are the rolling resistance, gradient resistance, aerodynamic drag 
force and acceleration resistance, respectively. 𝑚, 𝑣, and 𝛼 are the vehicle mass, vehicle 
velocity and road slope angle, respectively. The road slope 𝛼 is set to zero. 𝑚𝑒  is the 
effective mass including the vehicle gravimetric mass and rotational inertias of components 







𝑃𝑟𝑒𝑞 = (𝐹𝑟 + 𝐹𝑔 + 𝐹𝑎 + 𝐹𝑖) ∙ 𝑣
𝐹𝑟 = 𝑚𝑔𝑓𝑟 cos 𝛼
 𝐹𝑔 = 𝑚𝑔 sin 𝛼
 𝐹𝑎 = 0.5𝜌A𝐶𝑑𝑣
2
𝐹𝑖 =  𝑚𝑒?̇?
𝑚𝑒 = 1.08𝑚





3.2 Intelligent transportation system (ITS)  
In order to optimize the control strategy for the host CAHEV in ITS, real-time traffic data 
is obtained via Vehicle-to-Vehicle (V2V) communication and Vehicle-to-Infrastructure 
(V2I) communications. As the ITS communication technology is not the main concern in 
this study, the delay in data transmission is omitted in both V2V and V2I.  
 
3.2.1 Vehicle-to-Vehicle (V2V) 
With V2V connectivity, a vehicle can get the real-time information of the neighbouring 
vehicles to make better control decisions, for example, in the car-following scenario, the 
real-time data of the preceding vehicle enables the host vehicle to keep the safe distance 
without the potential of collision. The V2V data used in this study includes the distance to 
the preceding vehicle in the same lane, ∆𝑠, and the speed of the preceding vehicle, 𝑣𝑙𝑒𝑎𝑑, 
as listed in the following table. 
 
Table. 3. 2 V2V data for this study 
Data Variable Definition Sample Value 
∆𝑠 (m) The distance to the closet vehicle ahead i
n the same lane towards the destination  
25.2m 
𝑣𝑙𝑒𝑎𝑑  (m/s) The speed of the ahead vehicle in the sa








3.2.2 Vehicle-to-Infrastructure (V2I) 
In the urban network, the traffic situation is crucial in deriving an effective and safe vehicle 
control strategy, and this is made possible via V2I communication. In the V2I 
communication, the V2I data is sent from the roadside units to the host vehicle about the 
requested real-time environment and traffic information such as the maximum lane speed, 
the traffic light, the distance to the intersection, and so on. In this study, the V2I data used 
includes the distance to the next intersection, ∆𝑑, the traffic signal of the upcoming TSCI, 
𝑆𝑟𝑦𝑔, the remaining time for the current traffic signal phase, ∆𝑡𝑇𝐿, the speed limit for the 
lane where the host vehicle is running on, 𝑣𝑙𝑎𝑛𝑒, as listed in the following table. 
 
Table. 3. 3 V2I data used for this study 
Data Variable Definition Sample Value 
∆𝑑 (m) The distance to the upcoming TSCI 121.5m 
𝑆𝑟𝑦𝑔 The traffic signal of the upcoming TSCI ‘g’  
∆𝑡𝑇𝑆 (s) The remaining time for the current traffic signal phase 23s 
𝑣𝑙𝑎𝑛𝑒  (m/s) The speed limit for the lane where the host vehicle is running on 27.8m/s 
 









Table. 3. 4 Listed traffic signal phases 
Phase Meaning 
g Green light signal, vehicles are allowed to pass 
y Yellow light signal, vehicles must decelerate 
r Red light signal, vehicles must stop 
 
3.3 Summary 
In this chapter, the studied HEV powertrain has been modelled consisting of the internal 
combustion engine (ICE), the electric motor (EM) and the battery pack. Next, the vehicle 
dynamics have been built up to compute the required vehicle power demand at the wheels. 
Finally, the intelligent transportation system (ITS) concerning the data communications via 
Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) have been introduced, 














Chapter 4. Methodology 
4.1 Problem Formulation 
The control objective is to synthesize static function mapping the bi-level state variables to 
the inputs such that with the driving safety along the route ensured, both the energy 
consumption cost (i.e. fuel and electrical energy) and vehicle exhaust emissions 
(𝐻𝐶, 𝐶𝑂, 𝑁𝑂𝑥) are minimized. The state variables include the ones from the upper (external) 
level, i.e. the accumulated driving distance of the host vehicle, 𝑠, and the ones from the 
lower (internal) level, i.e. the instantaneous host vehicle velocity, 𝑣, and battery pack state 
of charge (𝑆𝑂𝐶). The control inputs are the instantaneous host vehicle acceleration 𝑎, and 
the split ratio between the ICE torque and the EM torque, γ. The problem is thus formulated 
into a multi-objective optimization problem, as follows,  
where 𝐽𝑜𝑝𝑡  is the total cost to be optimized and 𝑐(𝑥𝑘, 𝑢𝑘) is a function that maps the state 
and control variables to an instantaneous cost at one timestep. Although the problem is 
formulated into an infinite-horizon problem, it is meant to be finite since the system 
terminates once the host vehicle arrives at the pre-defined destination. Thus, 𝐽𝑜𝑝𝑡  is 
guaranteed to be a finite value.  
The split ratio as one of the state variables is defined as,  
min:           𝐽𝑜𝑝𝑡 =∑𝑐(𝑥𝑘, 𝑢𝑘)
∞
𝑘=1
 (4. 1) 
subject to:            𝑥𝑘+1 = 𝑓(𝑥𝑘 , 𝑢𝑘) 
𝑥 ∈ 𝑋, 𝑢 ∈ 𝑈(𝑥) 
(4. 2) 





where 𝑇𝐸𝑀 is the torque of the EM, and 𝑇𝑟𝑒𝑞  is the demanding torque transmitted to the 
ICE and EM by the gearbox.  
As mentioned before, the optimization problem involves three objectives, namely, 1) 
the objective of driving safety, 2) the objective of energy management and 3) the objective 
of emission reduction. Therefore the cost function 𝑐(𝑥𝑘, 𝑢𝑘) can be written as,  
where 𝐽𝑆𝐹(𝑥𝑘 , 𝑢𝑘), 𝐽𝐸𝑁(𝑥𝑘 , 𝑢𝑘) and 𝐽𝐸𝑋(𝑥𝑘 , 𝑢𝑘) are the instantaneous cost of driving safety, 
the instantaneous cost of energy consumption and the instantaneous cost of exhaust 
emission, respectively. 𝛼 and 𝛽 serve as the weighting factors to make a trade-off between 
different costs.  
 
4.2 Model predictive control-based eco-driving control 
strategy 
In this section, the model predictive control (MPC) based eco-driving strategy for a 
connected and automated vehicle (CAV) with hybrid electric configuration, as described 
in Chapter 2, is proposed. Prior to solve the problem in the context of model predictive 
control (MPC) framework, the control objectives with corresponding cost functions are 
introduced first, with regard to (1) the objective of driving safety that can realize the safe 
driving by complying with traffic rules and keeping a safe distance with preceding vehicles 
(2) the objective of energy management that aims to reduce the fuel consumption with a 
balanced battery SOC level  (3) the objective of emission reduction that serves to reduce 
the exhaust emissions 𝐻𝐶, 𝐶𝑂 and 𝑁𝑂𝑥. Then, the objective functions are fit in the MPC 
framework to derive the optimal control strategy for the vehicle.  





4.2.1 Optimization objectives 
4.2.1.1 The objective of driving safety 
The goal of safe driving can be exemplified by the scenarios when the host vehicle aims to 
keep a collision-free distance with other vehicles, make decisions at a TSCI, and comply 
with the speed limit set by each road. In order to achieve this goal, cost penalties need to 
be applied to prevent unsafe driving actions. The driving scenarios are therefore classified 
into different situations to make the strategy adaptive. They are a). free driving scenario, 
b). signal anticipation scenario and c). car-following scenario. The instantaneous cost of 
driving safety 𝐽𝑆𝐹(𝑥𝑘 , 𝑢𝑘), as in the previous equation, is then represented as follows,  
where 𝐽𝐹𝐷 , 𝐽𝑆𝐴  and 𝐽𝐶𝐹  correspond to the instantaneous cost during the free driving 
scenario, signal anticipation scenario, and car-following scenario, respectively. 𝜆1, 𝜆2 and 
𝜆3 are the Boolean factors ([0,1]) that turn ON/OFF for each cost. It is worth noting that at 
each time step, only one out of three scenarios is triggered, hence the corresponding cost 
is applied for safe driving. 𝑤1, 𝑤2 and 𝑤3 are the weighting factors to make an appropriate 
trade-off between different costs. 
From the V2I and V2V connections, the real-time driving data that ensure the driving 
safety are ∆𝑑 , ∆𝑠 , 𝑆𝑟𝑦𝑔 , ∆𝑡𝑇𝑆 , 𝑣𝑙𝑒𝑎𝑑  and 𝑣𝑙𝑎𝑛𝑒 , as listed in the following table. The 









Table. 4. 1 Parameters concerning the driving safety 
Data Variable Definition Sample Value 
∆𝑑 (m) The distance to the upcoming TSCI 121.5 m 
∆𝑠 (m) The distance to the closet vehicle ahead in the same lane towards 
the destination 
13.8m 
𝑆𝑟𝑦𝑔 The traffic signal of the upcoming TSCI g 
∆𝑡𝑇𝑆 (s) The remaining time for the current traffic signal phase 23s 
𝑣𝑙𝑒𝑎𝑑 (m/s) The speed of the ahead vehicle in the same lane, if applies 13.8m/s 
𝑣𝑙𝑎𝑛𝑒  (m/s) The speed limit for the lane where the host vehicle is running on 27.8m/s 
 
To model the driving scenario classifier (DSC) of the studied vehicle, the general 
vehicle braking distance equation is given as follows [6], 
where 𝑆𝑏𝑟𝑘  denotes the braking distance in the unit of m, 𝑆𝑚𝑖𝑛 is the minimum distance to 
keep in the unit of m, 𝑣(𝑘) is the host vehicle speed at time instant 𝑘 in the unit of m/s, 
𝑡𝑏𝑟𝑘 is the reaction time before braking in s, 𝑎𝑏𝑟𝑘 is the braking deceleration in m/𝑠
2. 
∆𝑑𝐿 and ∆𝑠𝐿 are the thresholds for the TSCI distance, ∆𝑑, and inter-vehicle distance, 
∆𝑠, respectively, in the unit of m. Their equation is modelled as the maximum braking 
distance based on Eq. (4. 6), with parameters taken from the study [6], as follows,  
when the actual distance of the host vehicle to the upcoming TSCI, ∆𝑑, is smaller than the 
threshold distance, ∆𝑑𝐿, the signal anticipation scenario can be triggered by the control 
system. The reactions of the host vehicle in approaching the TSCI will be anticipated. 
𝑆𝑏𝑟𝑘 = 𝑆𝑚𝑖𝑛 + 𝑣(𝑘) ∙ 𝑡𝑏𝑟𝑘 +
𝑣(𝑘)2
2 ∙ 𝑎𝑏𝑟𝑘
 (4. 6) 
∆𝑑𝐿 = ∆𝑠𝐿 = 10+ 𝑣(𝑘) + 0.0825 × 𝑣(𝑘)





Similarly, when the actual car-following distance, ∆𝑠, is smaller than the inter-vehicle 
distance threshold ∆𝑠𝐿, the car-following scenario is triggered by the control system.  
 
 
Fig. 4. 1 Illustration for driving safety parameters 
The threshold used when determining if the host vehicle should pass the intersection is 
determined by the following estimated passing time ∆𝑡𝑟, as follows,  
where 𝑎𝑚𝑎𝑥 is the maximum allowed speed for the vehicle.  
The driving scenarios are thus classified based on the above parameters in real time, 
illustrated as follows, where FD, SA, and CF stand for free driving, signal anticipation and 























(I) Free driving 
In the free driving scenario, the host vehicle is driving with speed no higher than either 
the maximum speed limit imposed by the current lane or the maximum constraint speed of 
the vehicle. When the vehicle accelerates to the maximum allowed speed, it then enters 
into the steady speed control until the traffic conditions start to change.   
The cost associated with the free driving scenario is defined as a quadratic function, 
where 𝑣𝑙𝑖𝑚(𝑘) is the maximum allowed speed for the host vehicle at time step 𝑘, and it is 
defined as,  
which refers to the smaller one of the two, the speed limit on the lane at time step 𝑘, 𝑣𝑙𝑎𝑛𝑒, 
and the maximum allowed speed of the host vehicle, 𝑣𝑚𝑎𝑥. 
 
(II) Signal anticipation 
When the host vehicle is in the signal anticipation scenario where there is a need to 
decelerate depending on the conditions defined in DSC, the cost function 𝐽𝑆𝐴 is triggered 
to control the subsequent reactions of the vehicle to safely reach a complete stop at the 
intersection. Sample cases at the TSCI are illustrated in Fig. 4. 3, 
In the cost function of the signal anticipation scenario, the minimum safe distance to 
stop at the intersection, based on the braking distance modelled in Eq. (4. 6), is defined 
with static minimum distance 𝑆𝑚𝑖𝑛  equaling 2 m, reaction time 𝑡𝑏𝑟𝑘  equaling 0.5 s, and 
emergency deceleration equaling 8 m/𝑠2 [6], 
𝐽𝐹𝐷 = (𝑣𝑙𝑖𝑚(𝑘) − 𝑣(𝑘))
2 (4. 9) 
𝑣𝑙𝑖𝑚(𝑘) = 𝑚𝑖𝑛 (𝑣𝑙𝑎𝑛𝑒, 𝑣𝑚𝑎𝑥) (4. 10) 
∆𝑑𝑚𝑖𝑛 = 2 + 0.5 ∙ 𝑣(𝑘) + 0.0625 × 𝑣(𝑘)





Therefore, the cost is applied according to the distance of the vehicle to the intersection, 
modelled as follows [68], 
where ∆𝑑 is the actual distance of the host vehicle to the upcoming intersection and 𝑞 is 
the weighting factor in the cost function. In approaching the intersection, as the ∆𝑑 gets 
smaller, the penalty gets larger to help reduce the vehicle speed. If the distance of ∆𝑑 
becomes less than the minimum allowed distance ∆𝑑𝑚𝑖𝑛, an infinite cost is applied to the 
system. 
 
(III) Car following 
When the host vehicle enters the car-following scenario, triggered by the conditions 
defined in DSC, the cost function is applied according to the inter-vehicle distance so that 
a safe following distance can be achieved and any potential collision can be prevented. 
The minimum and maximum following distance are derived from the Eq. (4. 7) and Eq. 
(4. 11), which are relevant to the instantaneous host vehicle speed, as follows [6], 
Within the boundaries of the minimum and maximum following distances, the optimal 
following distances, which are bounded by the lower optimal limit ∆𝑠𝑜𝑝𝑡
𝑖𝑛𝑓
 and upper optimal 
limit ∆𝑠𝑜𝑝𝑡
𝑠𝑢𝑝
, are constructed based on the minimum and maximum following distances, the 






) , ∆𝑑 < ∆𝑑𝑚𝑖𝑛






), ∆𝑑𝑚𝑖𝑛 ≤ ∆𝑑 ≤ ∆𝑑𝐿
 (4. 12) 
∆𝑠𝑚𝑖𝑛 = 2 + 0.5 ∙ 𝑣(𝑘) + 0.0625 × 𝑣(𝑘)
2 (4. 13) 
∆𝑠𝑚𝑎𝑥 = 10 + 𝑣(𝑘) + 0.0825 × 𝑣(𝑘)





Therefore, the cost function for the car-following scenario is derived based on the study 
[6], 
where 𝑓1 and 𝑓2 are the weighting factors in the function. As the vehicle enters the car-
following scenario, the penalty is applied to favor the car-following distance that falls 
within the range defined by the lower optimal limit ∆𝑠𝑜𝑝𝑡
𝑖𝑛𝑓
 and upper optimal limit ∆𝑠𝑜𝑝𝑡
𝑠𝑢𝑝
. 
When the inter-vehicle distance gets less than the minimum allowed distance ∆𝑠𝑚𝑖𝑛 , an 




= 0.6 ∙ ∆𝑠𝑚𝑎𝑥 + 0.4 ∙ ∆𝑠𝑚𝑖𝑛  (4. 15) 
∆𝑠𝑜𝑝𝑡
𝑠𝑢𝑝











+∞, ∆𝑠 < ∆𝑠𝑚𝑖𝑛 

















≤ ∆𝑠 ≤ ∆𝑠𝑜𝑝𝑡
𝑠𝑢𝑝




𝑠𝑢𝑝 < ∆𝑠 ≤ ∆𝑠𝑚𝑎𝑥 
0 ∆𝑠 > ∆𝑠𝑚𝑎𝑥 






Fig. 4. 3 Sample cases at the TSCI without leading vehicles (a) brakes are applied due 
to the red signal, (b) brakes are applied because the green signal phase duration is not 





4.2.1.2 The objective of energy management  
The cost function of the energy management objective is applied across the driving 
schedule for all the driving scenarios to minimize the energy cost, i.e. the fuel energy and 
the electrical energy.  
The equation to calculate the instantaneous fuel cost ?̇?𝑓𝑢𝑒𝑙  can be referred to as 
Chapter 3.1.1. 
As to the electrical energy, since the overuse of the battery will inevitably impose 
intractable damage to the battery health, equivalent consumption minimization strategy 
(ECMS) is adopted as an approach to bound the battery state of charge (SOC) within the 
range from 0.5 to 0.75. As a result, a balance can be achieved between fuel consumption 
and electrical energy consumption. The equivalent factor 𝑠𝑒 is defined as [6], 
The instantaneous equivalent fuel consumption of the EM is given as [6],  
where 𝑄𝑓̅̅̅̅  is the average fuel consumption rate, which is set to 240 𝑔/𝑘𝑊ℎ, ?̅?𝐸𝑀 is the 
average efficiency of the EM and it is assumed to be 0.88. 
Therefore, the energy cost that has both the fuel consumption and the electrical energy 




0.001, 𝑆𝑂𝐶 ≥ 0.75
−6 ∙ 𝑆𝑂𝐶 + 5 0.5 < 𝑆𝑂𝐶 < 0.75
𝐼𝑛𝑓 𝑆𝑂𝐶 ≤ 0.5
 (4. 18) 
?̇?𝑒𝑚 = 
𝑄𝑓̅̅̅̅ ∙ 𝑃𝑏𝑎𝑡𝑡
3.6 × 106 ∙ ?̅?𝐸𝑀
 (4. 19) 





4.2.1.3 The objective of emission reduction   
During driving, the vehicle engine mainly produces three types of exhaust pollutants 
(𝐻𝐶, 𝐶𝑂, 𝑁𝑂𝑥) into the air that are toxic to human health [74]. They are to be reduced by 
manipulating the engine speed and torque. The cost of exhaust emissions, therefore, include 
the cost of 𝐻𝐶,𝐶𝑂 and 𝑁𝑂𝑥, as follows,  
The equation for the emission cost ?̇?ℎ𝑐, ?̇?𝑐𝑜  and ?̇?𝑛𝑜𝑥 can be referred to as Chapter 
3.1.1. And they are in the unit of 𝑔/𝑠. 
 
4.2.2 Model predictive control (MPC) 
Due to the simplicity and fast computation, the problem presented in Chapter 34.1 is solved 
online using the bi-level nonlinear model predictive control (BL-NLMPC) strategy. Based 
on the state variables at each time step, the BL-NLMPC computes a future control sequence 
in the prediction horizon that minimizes the total cost in the horizon, and apply the first 
element of the control sequence to the HEV model [18]. The process is repeated at each 
time step with the prediction horizon moving one step forward until the system reaches the 
terminal state [18]. In the control sequence, at the upper level, the controller finds the 
optimal acceleration for the HEV that minimizes the total cost in the prediction horizon. 
Similarly, at the lower level, the controller derives the optimal split ration between the ICE 
torque and EM torque in the powertrain that minimizes the prediction horizon cost. Thus, 
the optimization problem can be rewritten as follows,  
 





where 𝑇𝑠  is the sampling time, 𝑁𝑝  denotes the receding prediction horizon. The state 
variables include the upper-level states, accumulated driving distance of the ego host 
vehicle, s and the instantaneous ego host vehicle velocity, and the lower-level state v,  
battery pack state of charge (SOC). The control variables are the vehicle acceleration, a, at 
the upper level, and the torque split ratio between ICE and EM, γ, at the lower level. To 
obtain a quick control response, the control horizon 𝑁𝑐 is set to be 1, which means one set 
of derived control inputs is applied across the prediction horizon. It is worth noting that the 
control variables are assumed to be constant in the prediction horizon. The illustration and 
workflow are described and obtained as the pseudo-code in Fig. 4. 4 and Fig. 4. 5. 
𝐽𝑜𝑝𝑡 = min
𝑢𝑡




𝑘 = 0,1,2,… 
(4. 22) 
state variables:      xk = [s, v, SOC] (4. 23) 
control variables:            𝑢𝑘 = [a, γ] (4. 24) 
subject to:    𝑠 > 0 
0 < 𝑣 < 𝑣𝑚𝑎𝑥 
𝑆𝑂𝐶𝑚𝑖𝑛 < 𝑆𝑂𝐶 < 𝑆𝑂𝐶𝑚𝑎𝑥  
𝑎𝑚𝑖𝑛 < 𝑎 < 𝑎𝑚𝑎𝑥 


















4.3 Rule-based EACS 
To evaluate the performance of the proposed strategy, a bi-level benchmark eco-driving 
control strategy for CAHEV is designed. At the upper level, the instantaneous vehicle 
speed is constructed using the intelligent driver model (IDM). At the lower level, the rule-
based electric-assist control strategy (EACS) aims to control the energy split ratio in the 
electric hybrid powertrain.  
 
4.3.1 Intelligent driver model (IDM) 
As one of the most simple, comprehensive and collision-free driver models that produce 
realistic profiles, the intelligent driver model (IDM) calculates the real-time acceleration 
based on a set of driving conditions [75]. The acceleration is defined as follows [75], 
where 𝑣  is the current vehicle speed and 𝑣0  is the target speed. 𝑎  and 𝑏  denote the 
acceleration ability and deceleration capacity of the vehicle, respectively. 𝑠 is the current 
distance to the obstacle, either the preceding vehicle or the TSCI. 𝑠∗(𝑣, Δ𝑣) is the desired 
distance which is defined in Eq. (4. 28). 𝑇 is the time gap that is set to 1.0 s.  Δ𝑣 is defined 
as the speed difference between the host vehicle current speed 𝑣  and the obstacle speed 
𝑣1. If the obstacle ahead is a preceding vehicle,  𝑣1 > 0, or 𝑣1 = 0 for the TSCI. 𝑠0 is the 
minimum allowed gap between the host vehicle and the obstacle. The parameters are 
selected according to [75] in combination with an estimation of real-world vehicles, which 
are listed in the following table.  










] (4. 26) 
Δ𝑣 =  𝑣 − 𝑣1 (4. 27) 
𝑠∗(𝑣, Δ𝑣) = 𝑠0 +max (0, 𝑣𝑇 +
𝑣Δ𝑣
2√𝑎𝑏






Table. 4. 2 Parameters for IDM 
Intelligent Driver Model 
Parameters Symbols Values 
Time gap (s) 𝑇 1.0 
Minimum gap (m) 𝑠0 2 
Acceleration exponent (-) 𝛿 4 
Acceleration (m/s2) 𝑎 2 
Comfortable deceleration (m/s2) 𝑏 2 
 
 
4.3.2 Electric-assist control strategy (EACS) 
The electric-assist control strategy (EACS) is one of the most commonly used and practical 
rule-based strategies for a parallel HEV [76], in which the ICE is used as the main power 
source while the battery provides assistant power. The EM runs either when the torque 
demand is too high, or when the ICE is operating inefficiently. As a result, the total fuel 
economy can be improved over the trip. A visualization of the rules in EACS is shown in 
Fig. 4. 6. 
The control strategy determines the power split between ICE and EM in the powertrain, 
with the driving conditions taken into consideration. The application of EACS can help 
achieve a better fuel economy and fewer exhaust emissions [76]. The variables that 
determine the rule-based policies are defined in Table. 4. 3 [45]. The basic rules in EACS 
can be described as follows,  
1. If SOC is higher than the upper bound SOCH, then ICE turns off, EM turns on 
 






(1) If the vehicle speed is lower than the vehicle low-speed threshold VL or 
if the demand torque Treq is lower than the ICE off torque curve, then 
ICE turns off, EM turns on 
 
(2) Otherwise, if the demand torque Treq is lower than the maximum ICE 
torque TICE
max, then ICE turns on, EM turns off 
 
(3) Otherwise, if the demand torque Treq is higher than the maximum ICE 
torque TICE
max , then ICE turns on, also EM turns on to assist ICE in 
supplying the power by TEM = Treq − tdis ∙ TICE
max  where tdis  is the 
discharge factor 
 
3. If SOC is lower than the lower bound SOCL  
(1) If the demand torque Treq is lower than the ICE minimum torque curve, 
then ICE turns to drive the vehicle while charging the battery by 
redundant torque defined as tmin ∙ TICE
max − Treq where tmin denotes the 
ICE minimum torque threshold factor, EM turns on to switch to 
generator mode 
 
(2) If the demand torque Treq is higher than the ICE minimum torque curve, 
then ICE turns to drive the vehicle while charging the battery by 
redundant torque defined as tch ∙ TICE
max  where tch  denotes the ICE 
charging factor, EM turns on to switch to generator mode 
 
(3) If the demand torque Treq is higher than the maximum ICE torque TICE
max, 
there is not enough power to drive the vehicle 
 






5. If the vehicle is braking, then ICE turns off, EM turns on to switch to generator 
mode to charge the battery 
 









Table. 4. 3 Parameters for rule-based EACS 
Parameter Description 
𝑆𝑂𝐶𝐿 The lowest SOC allowed 
𝑆𝑂𝐶𝐻 The highest SOC allowed 
𝑡𝑜𝑓𝑓  The threshold factor for the ICE to shut off during  
𝑆𝑂𝐶𝐿 < 𝑆𝑂𝐶 < 𝑆𝑂𝐶𝐻 
𝑡𝑚𝑖𝑛 The threshold factor for the ICE to charge the EM  
during 𝑆𝑂𝐶 < 𝑆𝑂𝐶𝐿 
𝑡𝑐ℎ The charging factor for the ICE during 𝑆𝑂𝐶𝐿 < 𝑆𝑂𝐶 <
𝑆𝑂𝐶𝐻 
𝑡𝑑𝑖𝑠 The discharging factor for ICE during 𝑆𝑂𝐶𝐿 < 𝑆𝑂𝐶 <
𝑆𝑂𝐶 
𝑉𝐿 The lowest vehicle speed threshold 
 












The policy is illustrated in Fig. 4. 8. 
 
Fig. 4. 8 Workflow of the EACS 
 
4.4 Summary 
In this chapter, the eco-driving problem has been formulated first. The goal is to achieve a 
fuel-efficient and low-emission trip on the basis of driving safety.  
To achieve this goal, a bi-level model predictive control (MPC) based control strategy 
is designed for a connected and automated hybrid electric vehicle (CAHEV). In this 





regard to (1) the objective of driving safety that can realize the safe driving by complying 
with traffic rules and keeping a safe distance with preceding vehicles (2) the objective of 
energy management that aims to reduce the fuel consumption with a balanced battery SOC 
level  (3) the objective of emission reduction that serves to reduce the exhaust emissions 
𝐻𝐶, 𝐶𝑂 and 𝑁𝑂𝑥. Next, a cost function is assigned to each objective. At the upper level of 
the control strategy, based on the driving variables via V2I and V2V communications, a 
driving scenario classifier is built up to recognize the instantaneous driving case so as to 
assign the corresponding cost in the optimization function. Then, the optimal vehicle 
acceleration that determines the velocity at the next time step is computed. At the lower 
level, given the torque demand on the wheels, the control system derives the optimal torque 
split ratio between ICE and EM to enable the powertrain working in a high-efficiency state. 
As a result, the overall fuel consumption and the engine-out emissions can be minimized, 
with the driving safety always ensured over the trip. 
In order to evaluate the performance of the proposed eco-driving control strategy, the 
rule-based electric-assist control strategy (EACS), as one of the widely applied approaches 
for HEV energy management, in combination with the intelligent driver model (IDM) is 
synthesized as a comparison. In this benchmark strategy, The IDM model decides the 
realistic driving velocity at each time instant over the trip while the rule-based EACS 











Chapter 5. Results and Discussion 
5.1 Experiment setup 
The simulation is running in MATLAB and SUMO, with the vehicle parameters obtained 
from ADVISOR. The background map for the studied vehicle with realistic traffic demand 
is from the TAPAS-Cologne project [77]. 
 
5.1.1 ADVISOR 
ADVISOR is the short term for “Advanced Vehicle Simulator.” It is a vehicle powertrain 
simulator designed by National Renewable Energy Laboratory (NREL) in 1994 [78].  
ADVISOR is based on empirical drivetrain components to evaluate vehicle performance 
under given driving cycles, such as fuel economy and exhaust emissions [78]. The 
drivetrain types in ADVISOR ranges from the ones for conventional internal combustion 
engine vehicles, hybrid electric vehicles, plug-in hybrid electric vehicles to pure electric 
vehicles. In this research, the studied parallel hybrid electric vehicle data is obtained from 
ADVISOR, including the data of internal combustion engine, electric motor, battery pack, 
transmission shift ratio, and vehicle physical parameters. The sample ADVISOR user 






Fig. 5. 1 Sample ADVISOR interface for customizing vehicle parameters, a vehicle 
with a parallel hybrid powertrain is configured 
 
5.1.2 SUMO 
SUMO stands for “Simulation of Urban MObility,” and it is an open-source platform that 
is able to simulate realistic microscopic and macroscopic urban traffic flow mobility [79]. 
In this environment, an individual vehicle is considered as an agent that is running in the 
simulated map. The attributes of the agent can be customized to mimic the real-world 
vehicle, such as the vehicle type, the vehicle length, the speed limit, the acceleration limit, 
the frontal surface area and the like. On the other hand, the urban simulation map that can 





most realistic traffic elements, from the highway and urban roads, bus stops, induction loop 
to the road speed limit, customizable traffic lights program, and right-of-way rules, etc. 
SUMO was first initiated in 2001 by a ground of researchers associated with the 
German Aerospace Center (DLR) and some universities. Within the past ten years’ 
development, SUMO has become a comprehensive suite for traffic simulation. Some of 
the main tools from SUMO are listed: 
(1) NETEDIT: a tool that is capable of reading and importing the real-world maps 
from different sources into SUMO 
 
(2) OD2TRIPS: that can map the traffic demand via the format of Origin/Destination 
(O/D) Matrices into individual vehicle trips on the map. 
 
(3) TraCI: short term for “Traffic Control Interface”, which allows the online TCP-
based communication with the simulated objects, such as running vehicles, traffic 
lights, and the online manipulation via commands  
 
(4) SUMO-GUI: the graphical user interface to display the online traffic simulation 
(Fig. 5. 2 shows a sample simulation on SUMO-GUI) 
In this research, SUMO is used as the main platform to simulate and verify the bi-level 






Fig. 5. 2 Sample SUMO-GUI interface, zoomed-out view of the Cologne, Germany 
urban transportation network 
 
 






5.1.3 Traffic simulation map 
The simulation is running in MATLAB and SUMO on a PC with a 1.8 GHz Intel Core i5-
8250U CPU and 16 GB of internal memory. The host connected and automated vehicle 
(CAV) is modelled as an HEV with a single-shaft pre-transmission hybrid electric 
powertrain, as depicted in Fig. 3. 1. The vehicle specifications are obtained from 
ADVISOR. Unlike the host CAV, the background vehicles in traffic are assumed to be of 
the same type - conventional passenger vehicles that are driven by a human. Their dynamic 
actions, including the instantaneous speed and acceleration, are determined by the car-
changing model. The specifications are given in Table. 5. 1. 
The simulation uses an urban map of Cologne, a typical medium-sized city in Germany, 
with a realistic traffic demand dataset from the TAPAS-Cologne project by the Institute of 
Transportation Systems at the German Aerospace Center (ITS-DLR) [77]. The road 
network covers the area of Cologne approximately 400 𝑘𝑚2  formed by 71,368 road 
segments. The realistic 24-hour traffic dataset, comprising of more than 700,000 individual 
trips, faithfully models the daily traffic activities of the drivers from Cologne [80]. Table. 
5. 2 lists the attributes of the map. Fig. 5. 4 presents the city map of Cologne. 
The host CAV starts from a complete stop (i.e. speed begins with 0 m/s and acceleration 
begins with 0 m/s2) with battery state of charge at the level of 60%. As a result, the initial 
state variables can be represented as [0,0,0.6]. At each time instant, the longitudinal speed 
and acceleration of the host CAV are controlled by the proposed MPC-based strategy. The 
lateral dynamics is controlled by a simple lane-changing model, which triggers a lane-
changing signal to the lane that leads the vehicle to the next road on the trip every time the 
vehicle enters a new road, and then keeps the vehicle stay in the lane until the next 
intersection. To evaluate the energy performance of the proposed eco-driving strategy, the 
host CAV is also controlled by the IDM strategy on the same trip, and the EACS rule-based 
strategy is applied on the vehicle powertrain to determine the instantaneous split ratio 





 The parameters for the constraint optimization problem, the proposed strategy, and the 
rule-based strategy are listed in Table. 5. 3  
 
 










Acceleration ability (m/𝒔𝟐) 
Deceleration ability (m/𝒔𝟐) 




Lane-changing Model LC2013 [81] 
Car-following Model Krauss [82] 
 
 
Table. 5. 2 Specifications of the simulation map 
City The metropolitan area of 
Cologne, Germany 
Area (𝒌𝒎𝟐) approx. 400 k𝑚2 
No. of Roads 71,368 
No. of Intersections 10,153 
No. of individual Trips Over 700,000 










Table. 5. 3 Parameters for simulation 
HEV constraints 
Parameters Symbols Values 
Maximum speed (km/h) 𝑣𝑚𝑎𝑥 162 
Deceleration ability (m/s2) 𝑎𝑚𝑖𝑛 -5 
Acceleration ability (m/s2) 𝑎𝑚𝑎𝑥  5 
Minimum SOC (%) 𝑆𝑂𝐶𝑚𝑖𝑛 0 
Maximum SOC (%) 𝑆𝑂𝐶𝑚𝑎𝑥 100 
Split ratio lower bound (-) γ𝑚𝑖𝑛 -10 
Split ratio upper bound (-) γ𝑚𝑎𝑥  10 
MPC-Based Eco-Driving Strategy 
Parameters Symbols Values 
Sampling time (s) 𝑇𝑠 1 
Prediction horizon (s) 𝑁𝑝 5 
Control horizon (s) 𝑁𝑐  1 
The weighting factor for energy cost (-) 𝛼 2.5 
The weighting factor for emission cost (-) 𝛽 8 
The driving safety weight factor I (-) 𝑤1 1 
The driving safety weight factor II (-) 𝑤2 1 
The driving safety weight factor III (-) 𝑤3 1 
The driving safety weight factor IV (-) 𝑞 0.01 
The driving safety weight factor V (-) 𝑓1 0.2 
The driving safety weight factor VI (-) 𝑓2 2 
EACS Rule-Based Strategy 
Parameters Symbols Values 
The lowest SOC allowed (-) 𝑆𝑂𝐶𝐿 0.5 
The highest SOC allowed (-) 𝑆𝑂𝐶𝐻 0.7 
The threshold for ICE shut off (-) 𝑡𝑜𝑓𝑓  0.2 
The charging threshold for low SOC (-) 𝑡𝑚𝑖𝑛 0.5 
The charging torque for normal SOC (-) 𝑡𝑐ℎ 50 
The discharging factor (-) 𝑡𝑑𝑖𝑠 0.2 






5.2 Simulation results on a highway-urban trip 
5.2.1 Trip Setup 
A 10 km-trip is chosen to perform the simulation, as shown in Fig. 5. 5. The trip begins 
from a start point located at the suburban area (Point A in Fig. 5. 5) to the destination in 
the urban area (Point B in Fig. 5. 5) in Cologne, Germany around 7:30 in the morning, 
which mimics a daily home-work commute. The roads that constitute the route are chosen 
based on the shortest distance between the start and the endpoint. Point P that lies in the 
middle of the trip is the border point between the suburban routes which are mainly made 
up of highspeed highway roads (between Point A to Point P), and the urban routes which 
are mainly made up of urban roads (between Point P to Point A). Details of the trip are 






Fig. 5. 5 The simulated highway-urban trip from point A to point B that passes point 
P [77] 
 
Table. 5. 4 Specifications of the highway-urban trip 
 Highway-Urban Trip 
Total Length (𝒌𝒎) 10.407 𝑘𝑚 
No. of Roads 49 
Highway / A – P (𝒌𝐦) 6.862 𝑘m 





The speed profiles produced by the proposed eco-driving strategy and the IDM + EACS 
are presented in Fig. 5. 6 and Fig. 5. 7, respectively.  
 




Fig. 5. 7 Speed profile by the rule-based EACS strategy on an highway-urban trip 
 











In Fig. 5. 8, it is clearly shown that the highway driving (from point A to point P over 
the trip in Fig. 5. 5) corresponds to the speed profile from 0 s to around 300th s, and the rest 
of the speed profile mainly consists of urban driving with congested traffic conditions. 
According to the driving scenario classifier, the complete trip can be broken down into 
three scenarios triggered by the real-time driving parameters listed in Table. 4. 1, they are 
1) free driving scenario 2) Signal anticipation scenario and 3) car-following scenario, 
illustrated in Fig. 5. 6. The speed profile by running IDM for EACS, as shown in Fig. 5. 7, 
on the other hand, results in a collision-free safe driving along the same trip.  
 
5.2.2 Driving Safety 
5.2.2.1 Free driving 
With the cost for free driving described in Chapter 4.2.1.1 applied, the resultant vehicle 
driving in Fig. 5. 8 demonstrates that, first, before reaching the maximum speed limit, the 
control system is able to make vehicle speed gradually converge to the target speed when 
there is no vehicle, secondly, by adding extra penalties on the maximum allowed speed, 
the control system can always ensure that the instantaneous vehicle speed strictly complies 
with the maximum allowed speed set by each road where the vehicle is running on.    
Moreover, in the zoomed-in region in Fig. 5. 8, J, K, and L represent three connecting 
roads on the trip with the maximum allowed speed as 50 km/h, 30 km/h and 50 km/h, 
respectively. Combined with Fig. 5. 6, it can be observed that the speed fluctuation on the 
road J was caused by the car-following actions. On entering the road K, the vehicle is 
switched to the free driving mode by the driving scenario classifier, and its speed gradually 
reaches the speed limit and keeps constant until, at the end of this road, it enters the next 
road L with a higher speed limit. Then the vehicle accelerates to gradually adapt its speed 





The above proves the proposed control strategy can execute an adaptive and safe control 
of the vehicle speed throughout the entire driving trip. 
 
5.2.2.2 Signal anticipation 
Over the entire trip, the vehicle has driven through seven TSCIs in total, as illustrated in 
the red shaded regions in Fig. 5. 9. The control strategy for signal anticipation is designed 
so as to stop the vehicle at the yellow and red lights, or the green lights with insufficient 
remaining phase duration to pass, and let the vehicle pass the green signal intersection 
given enough remaining phase time, as modelled in Chapter 4.2.1.1. 
The zoomed-in region of Fig. 5. 9 shows the vehicle speed profile at a TSCI where the 
signal has gone through the phases from green, yellow, red and green for the next round. It 
can be clearly observed that the signal is green before the driving scenario classifier turns 
on the signal anticipation mode for the vehicle. At the moment when the vehicle starts to 
react to the traffic lights, though it is still green which permits the passing, the control 
system sends the braking command based on the result that the estimated passing time ∆𝑡𝑟 
(in Eq. (4. 8)) for the vehicle to pass the intersection turns out to be more than the remaining 
green signal duration; in other words, the signal will turn red before the vehicle is able to 
drive through the TSCI. As a result, the vehicle braking command causes the deceleration 
in green phase #1 and yellow signal phase #2 in the figure. Then the vehicle remains 
completely stopped during the red signal phase #3. When the signal turns to green again, 
as denoted as phase #4, the control signal compares the estimated passing time ∆𝑡𝑟 and the 
remaining phase time, and sends out the pass command, which triggers the vehicle start-
up until the vehicle leaves the intersection. In this way, safe automated driving that 
conforms to the traffic rules are guaranteed, especially, the use of estimated passing time 
helps to anticipate the travel time and avoid the unnecessary emergency braking at the 






The control strategy for the car-following scenario, as described in Eq. (4. 17), works 
toward keeping the following distance between the host and preceding vehicle at a safe 
range bounded by the minimum and maximum allowed following distances, which are 
changing with instantaneous vehicle speed over time, as described in Eq. (4. 13) and Eq. 
(4. 14). Fig. 5. 10 depicts the car-following distances with shaded regions representing 
different driving scenarios over the trip. The car-following distances thereby are only 
displayed in the yellow shaded regions as car-following scenarios. It’s worth noting that 
each yellow shaded segment denotes a complete car-following action with a single 
preceding vehicle. Due to the dynamic and mixed traffic conditions in the realistic 
simulation map (as can be seen in Fig. 5. 6), the car-following scenario of the host vehicle 
can be interrupted by different real-time cases, such as the preceding vehicle left the lane 
or the road, or the host vehicle turns to another road. The host vehicle driving mode is then 
switched accordingly until another preceding vehicle is detected in the range threshold ∆𝑠𝐿 
which triggers a next car-following mode.  
It can be clearly seen from Fig. 5. 10 that the following distance of the host vehicle 
never violates the upper and lower bounds. As a result, the safe car-following requirement 
is satisfied. In the zoomed-in region, the region P, Q and R are the car-following scenarios, 
the free-driving scenario, and the car-following scenario, respectively. In the car-following 
scenario P, the vehicle keeps a safe distance with the preceding vehicle, then completes the 
following action as the preceding vehicle changes to another lane. As no preceding vehicle 
is found in the detection range threshold ∆𝑠𝐿, the vehicle is switched to the free driving 
mode in scenario Q. Soon, as a new preceding vehicle is found in scenario R. The host 
vehicle starts to keep a safe distance with the preceding vehicle in R. The upper and lower 
bound distance bounds vary as the host vehicle speed changes throughout the trip. 
With the car-following control strategy applied, the host vehicle is able to keep a safe 







Fig. 5. 8 Speed profile by MPC-based eco-driving strategy with road speed limit 
throughout an highway-urban trip 
 
Fig. 5. 9 Signal anticipation by MPC-based eco-driving strategy on an highway-urban 
trip 





Highway-urban trip (7:30am -7:51am)
Signal anticipation
Speed profile







Fig. 5. 10 Car-following scenarios by MPC-based eco-driving strategy on an 
highway-urban trip 













Fig. 5. 11 The MPC-based eco-driving strategy results including (a) Brake-specific 
fuel consumption (BSFC), (b) Efficiency of the electric motor (EM) and (c) SOC of the 








Fig. 5. 12 The EACS rule-based strategy results including (a) Brake-specific fuel 
consumption (BSFC), (b) Efficiency of the electric motor (EM) and (c) SOC of the 









Fig. 5. 13 The distribution of engine working points by the MPC-based eco-driving 
strategy and the EACS rule-based strategy on an highway-urban trip 
 
 
Fig. 5. 14 The exhaust emissions of HC, CO, NOx produced by the MPC-based eco-driving 






























5.2.3 Energy consumption and emission reduction  
The energy performances of the MPC-based strategy and the EACS rule-based strategy 
can be referred to in Fig. 5. 11 and Fig. 5. 12. In terms of engine efficiency, as shown in  
Fig. 5. 11 (a) and Fig. 5. 12 (a), the dashed line represents the engine optimal engine 
working line. Compared with the EACS rule-based strategy, the engine operation points 
produced by MPC-based strategy tends to aggregate in the high-efficiency region, 
illustrated as the red circled region on the left. While for the operations of the EACS rule-
based strategy, due to the fact that a rigid set of rules rather than an accurate model-based 
optimizer is used, the engine working points tend to be more evenly distributed over the 
entire operation regions without a propensity for high-efficiency region. For this reason, 
the engine operation of the EACS rule-based strategy over the entire simulation duration 
results in a suboptimal efficiency. As a complement of  Fig. 5. 11 (a) and Fig. 5. 12 (a), 
Fig. 5. 13 shows the distribution of engine working points in regions with different 
efficiency, where column 240~270 (g/kWh), column 270~500 (g/kWh) and column 
500~900 (g/kWh) denote the high, middle, low BSFC map efficiency regions, respectively. 
It can be seen that for the MPC-based strategy, the distribution of working points in the 
high-efficiency region (240~270 (g/kWh)) is 47.49%, which is significantly higher than 
those from EACS strategy (16.71%). Besides, in the middle (270~500 (g/kWh)) and low 
(500~900 (g/kWh)) efficiency regions, the MPC-based strategy has working points that 
account for 52.21% and 0%, which are both fewer than those of the EACS strategy, as 
83.01% and 0.28%, respectively. It means that the engine of the proposed MPC-based 
strategy works much efficiently than the EACS strategy over the same trip, resulting in a 
higher aggregation of high-efficiency working points in the figure.  
In terms of the electric motor efficiency, as seen in Fig. 5. 11 (b) and Fig. 5. 12 (b) for 
the MPC-based strategy and the EACS rule-based strategy, respectively. It is clearly 
observed that the motors controlled by both methods take good use of regenerative braking 
kinetics to charge the battery pack, as indicated by the region corresponding to the negative 





the EACS rule-based strategy in the yellow circled region corresponding to the high-
efficiency region, which demonstrates that the motor under the control of the MPC-based 
strategy is working more efficiently to assist the engine over the entire trip, thus saves more 
electrical energy.  
In comparison to the SOC of the EACS rule-based strategy shown in Fig. 5. 12 (c), the 
SOC of the MPC-based strategy based on the current set of parameters (Fig. 5. 11 (c)) 
shows that a more energy sustaining policy is adopted to propel the vehicle. Therefore, a 
healthy battery SOC is balanced. Despite that, the terminal SOC of the MPC-based strategy 
shows that the battery still gets charged properly by good use of regenerative braking 
kinetic energy along with the redundant energy from the engine over the trip. 
The numeric results from the proposed MPC-based strategy and the EACS rule-based 
strategy are presented in Table. 5. 5. It is obvious that the overall fuel consumption from 
the proposed strategy is reduced by 26.80% (SOC corrected) with respect to the one of the 
EACS rule-based strategy, which is a great improvement. Similar to the terminal SOC as 
54.05% of the EACS rule-based strategy, the 57.74% terminal SOC of the MPC-based 
strategy shows that the proposed strategy is more likely to sustain the electrical energy to 
a healthy level when powering the vehicle, at the same time, the SOC level is much higher 
than the minimum allowed SOC level, 0.5, where a buffering room is left for battery use 
over the trip.  
The vehicle emissions from the MPC-based strategy are also reduced by 27.69%, 
73.91% and 47.59% for exhaust emissions ℎ𝑐, 𝑐𝑜 and 𝑛𝑜𝑥, respectively, with respect to 
the results from the EACS rule-based strategy. The exceptional high saving in the 72.30% 
𝑐𝑜  consumption produced by the MPC-based strategy comes from the fact that in 
comparison to the engine working points from the EACS rule-based strategy (Fig. 5. 12 
(a)) much less engine operation points under the control of MPC-based strategy  Fig. 5. 11 
(a)) tend to gather in the green circled region which corresponds to the high 𝑐𝑜 cost region. 





The results over a day-to-day work-home commute trip demonstrate that the proposed 
MPC-based eco-driving strategy is capable of keeping the vehicle driving safely in 
highway and urban roads, while greatly improving the energy economy as well as reducing 
the vehicle emissions when the IDM + rule-based EACS strategy is used as the benchmark.  
Table. 5. 5 Results from the proposed MPC-based eco-driving strategy and the EACS 
rule-based strategy (SOC corrected) on a highway-urban trip 
Strategies EACS MPC-based  Improvement 
Fuel consumption (g) 796.94 583.35 -26.80% 
Terminal SOC (%) 54.05 57.74 --- 
HC 6.61 4.78 -27.69% 
CO 195.13 50.90 -73.91% 
NOx 13.68 7.17 -47.59% 
 
 
5.3 Simulation results on a suburban-urban trip 
5.3.1 Trip Setup 
In order to verify the result of the proposed strategy, another 10 km-trip is selected with 
road conditions consisting of mainly suburban and urban road types, which are different 






Fig. 5. 15 The simulated suburban-urban trip from point A to point B [77] 
 
Table. 5. 6 Specifications of the suburban-urban trip 
 Highway-Urban Trip 
Total Length (𝒌𝒎) 10.109 𝑘𝑚 
No. of Roads 97 
Suburban (𝒌𝐦) 2.347 𝑘m 






The parameters remain the same as the previous trip, which can be seen in Table. 5. 3.  
The speed profiles produced by the proposed eco-driving strategy and the IDM + EACS 
are presented in Fig. 5. 15 and Fig. 5. 16, respectively.  
 
Fig. 5. 16 Speed profile by MPC-based eco-driving strategy on a suburban-urban trip 
 
 
Fig. 5. 17 Speed profile by the rule-based EACS strategy on a suburban-urban trip 
 











It is obvious in Fig. 5. 16 and Fig. 5. 18 that the trip is mixed with both the suburban 
road conditions (which are labelled as road segment #1, #2, #3 and #4 in Fig. 5. 18) and 
urban road conditions. The coloured regions in Fig. 5. 16 represent different driving 
scenarios switched by the on-board driving scenario classifier (DSC) in the control strategy. 
On the other hand, the speed profile produced by IDM results in a collision-free driving 
cycle over the trip. 
 
5.3.2 Driving Safety 
5.3.2.1 Free driving 
With the cost of free driving applied in this strip, the speed profile in Fig. 5. 18  shows that 
the control system is able to prevent the instantaneous vehicle speed from violating the 
speed limit set by the roads where the vehicle is running on.  
In addition, as displayed in the zoomed-in region in Fig. 5. 18, J, K, and L are three 
connecting roads on the trip with speed limit as 70 km/h, 50 km/h and 70 km/h, respectively. 
It can be seen that as the vehicle approaches the speed limit on the road J, it turns to the 
road K and gradually adapts the speed to the speed limit of 50 km/h. When the vehicle turns 
to the next road L, it accelerates to the speed limit of 70 km/h until the speed was stopped 
by a TSCI. The vehicle continues to drive when the signal turns to green. The above shows 
the effectiveness of the proposed control strategy in complying with the speed limits during 
the free driving mode.  
 
5.3.2.2 Signal anticipation 
There exist more TSCIs over this trip when compared to the highway-urban trip, as shown 





based on the current signal phase and phase remaining time is applied. It can be seen in the 
zoomed-region in Fig. 5. 19 that, after the control strategy receives the traffic signal-related 
data at entering the anticipating region, the brake command is executed since there is not 
sufficient time for the vehicle to pass the intersection even if the signal is green at the 
moment. The vehicle speed brakes to a complete stop in green phase #1 and remains static 
in yellow signal phase #2 and red signal phase #3 until the signal turns to green again with 
sufficient passing time for the vehicle. Then the vehicle starts up to pass the TSCI. The 
results from the signal anticipation principles show that safe vehicular actions can be 
expected at a TSCI with the help of data received via V2I communication.   
 
5.3.2.3 Car-following 
In the car-following scenario, the main goal of the vehicle is to keep a safe distance with 
the preceding vehicle during driving. The distance varies with instantaneous vehicle speed 
because a corresponding safe braking distance has to be set at different vehicle speeds. In 
Fig. 5. 20, the yellow shaded regions are the car-following cases recorded throughout this 
trip. Due to the mixture of driving conditions, the car-following actions could be 
interrupted by different cases. Over the trip, it’s clearly shown that the inter-vehicle 
distances are kept in the upper and lower bounds of the allowed distance. 
It can be observed that in the zoomed-in region in Fig. 5. 20, the vehicle first completes 
a safe car-following distance to a preceding vehicle, as denoted as case P, until a TSCI that 
stops the vehicle from following, in case Q. As the signal permits passing, the vehicle 
enters the free driving mode and catches a preceding vehicle and switches to the next car-
following scenario, as shown in case R and S, respectively.  
Therefore, the car-following mode controlled by the strategy enables the vehicle to 






Fig. 5. 18 Speed profile by MPC-based eco-driving strategy with road speed limit 
throughout a suburban-urban trip 
 
Fig. 5. 19 Signal anticipation by MPC-based eco-driving strategy on a suburban-
urban trip 




#1 #2 #3 #4
Suburban-urban trip (7:30am – 7:54am)
Signal anticipation
Speed profile






Fig. 5. 20  Car-following scenarios by MPC-based eco-driving strategy on a 
suburban-urban trip 
 













Fig. 5. 21 The MPC-based eco-driving strategy results including (a) Brake-specific 
fuel consumption (BSFC), (b) Efficiency of the electric motor (EM) and (c) SOC of the 











Fig. 5. 22 The EACS rule-based strategy results including (a) Brake-specific fuel 
consumption (BSFC), (b) Efficiency of the electric motor (EM) and (c) SOC of the 











Fig. 5. 23 The distribution of engine working points by the MPC-based eco-driving 
strategy and the EACS rule-based strategy on a suburban-urban trip 
 
 
Fig. 5. 24 The exhaust emissions of HC, CO, and NOx produced by the MPC-based 






























5.3.3 Energy consumption and emission reduction  
The energy performances of the MPC-based strategy and the EACS rule-based strategy 
can be seen in Fig. 5. 21 and Fig. 5. 22. It can be clearly seen that, with the proposed 
strategy applied, the engine can work in high efficiency over the suburban-urban trip, as 
depicted by the aggregation of engine working points found in the high-efficiency region 
270 (g/kWh). Whereas for the results by the rule-based EACS strategy, the engine is 
working in an average state with operation points evenly distributed over the BSFC map. 
This can be explained by the nature of both strategies as the rule-based are designed by 
heuristic rules from experience or human expertise that are unable to be adapted on a case-
by-case trip, while MPC-based control strategy aims to derive the optimal control results 
based on the information received in real-time, thus is more adaptive and yields better 
performance.  
As a complement of Fig. 5. 21 (a) and Fig. 5. 22 (a), Fig. 5. 23 shows the distribution of 
engine working points in regions with different efficiency, where column 240~270 
(g/kWh), column 270~500 (g/kWh) and column 500~900 (g/kWh) correspond to the high, 
middle, low BSFC map efficiency regions, respectively. It is shown in the figure that over 
the suburban-urban trip, the engine efficiency from the proposed control strategy is 
significantly higher than that from the EACS as working points in high-efficiency region 
(240~270 (g/kWh)) accounts for 85.07% of the entire working points, where they are 10.89% 
in EACS strategy.  
Table. 5. 7 displays the numeric results. In comparison to the fuel consumption from 
the EACS, the fuel consumption from the proposed approach is greatly reduced by 38.15%. 
The SOC from both strategies are close in number, showing an energy-sustaining ability 
in the proposed strategy and the rule-based strategy.  
The vehicle emissions from the MPC-based strategy are also decreased by 31.08%, 





with the results from the rule-based strategy. The visualization of emission reduction is 
shown in Fig. 5. 24.  
In sum, the performance over a day-to-day suburban-urban trip show that, when 
compared to the widely applied rule-based strategy along with IDM for realistic speed 
profile generation, the vehicle controlled by the proposed eco-driving approach is able to 
achieve much better fuel economy and less engine-off emissions, while the safe driving is 
enabled over the entire trip.   
 
Table. 5. 7 Results from the proposed MPC-based eco-driving strategy and the EACS 
rule-based strategy (SOC corrected) on a suburban trip 
Strategies EACS MPC-based  Improvement 
Fuel consumption (g) 671.21 415.14 -38.15% 
Terminal SOC (%) 54.38 55.19 --- 
HC 5.02 3.46 -31.08% 
CO 128.94 35.17 -72.72% 




The chapter examines the performance of the proposed strategy. First, a realistic urban map 
is set up to simulate a 24hr traffic condition as the background for the test. In order to 
evaluate the results of the proposed strategy, EACS, as a widely used rule-based strategy 
for HEV, and IDM, which is an intelligent driver model to generate realistic collision-free 
speed profile, are used as the benchmark. Next, a simulation over a selected highway-urban 
trip is carried out on both strategies. The results show that the proposed MPC-based 





on the road and anticipating actions on a TSCI. In addition, when compared with the 
benchmark strategy, the fuel consumption from the proposed strategy is greatly reduced by 
26.80%, and much fewer exhaust emissions are produced, by 27.69%, 73.91% and 47.59% 
for ℎ𝑐, 𝑐𝑜 and 𝑛𝑜𝑥, respectively, which demonstrates a great improvement. Moreover, a 
simulation on a suburban-urban trip is carried out to verify the approach. When compared 
to the EACS, The results from the MPC-based eco-driving achieve an even bigger 
improvement in fuel economy, by 38%, and much fewer emissions are generated, by 
31.08%, 72.72% and 30.73% for ℎ𝑐, 𝑐𝑜 and 𝑛𝑜𝑥, respectively,  which show the robustness 
and adaptability of the proposed strategy. The proposed eco-driving strategy in this study 
is expected to be implemented to a vehicle onboard control device of a real-world CAHEV 
in highway and urban driving conditions when the conditions meet to provide ubiquitous 
















Chapter 6. Conclusion and Future Works 
6.1 Conclusion 
In this study, a bi-level MPC-based strategy for connected and automated hybrid electric 
vehicles (CAHEVs) was proposed. The main objectives were to design an eco-driving 
strategy for CAHEVs that is able to improve fuel economy, minimize engine-out emissions 
and realize safe driving under trips with mixed driving scenarios.   
In Chapter 2, the foundations of hybrid electric vehicles (HEVs) were introduced, followed 
by the description and classification of eco-driving scenarios. Then, the literature on energy 
management strategies (EMSs) for HEVs was discussed, emphasizing their principles, 
advantages, and limitations. Moreover, the control strategies for connected and automated 
hybrid electric vehicles (CAHEVs) were listed and discussed. Finally, the research gap was 
pointed out, which paved the way for the introduction to the proposed strategy.  
In Chapter 3, a single-shaft, parallel hybrid electric powertrain was developed for the 
studied vehicle. As the real-time data sources for decision-making in intelligent 
transportation system (ITS), Vehicle-to-Vehicle (V2V) and Vehicle-to-Infrastructure (V2I) 
communications were then introduced.  
In Chapter 4, the problem was described as an eco-driving problem and was then 
formulated into a multi-objective optimization problem in the context of the proposed 
MPC-based strategy. The objectives are (1) driving safety that aims to comply the vehicle 
speed with the road limit, ensure a collision-free following distance and anticipate the 
driving behaviour at an intersection over the entire trip, (2) fuel-saving that minimizes the 
fuel consumption over the entire trip and (3) exhaust emission reduction that minimizes 
the overall engine-out pollutants throughout the trip. The goal of driving safety is achieved 
through the use of a Driving Scenario Classifier (DSC) in this intelligent system which 





signal anticipation scenario and car-following scenario, such that a corresponding cost 
function can be applied in real-time. The optimal control actions are executed on multiple 
levels. At the upper level, the real-time vehicle acceleration is determined, while at the 
lower level, the optimal torque split ration between ICE and EM is derived. A widely used 
rule-based electric-assist control strategy (EACS) for powertrain management is adopted 
as the benchmark, and the intelligent driver model (IDM) is used for generating a collision-
free realistic speed profile.  
In Chapter 5, the simulation results showed that in a realistic highway-urban trip, the safe 
driving goal was achieved throughout the entire driving cycle in the selected urban traffic 
environment. Moreover, in comparison to the EACS benchmark strategy, the proposed 
MPC-based strategy could also reduce the fuel consumption by 26.80% while keeping the 
battery in a healthy range, and reducing the exhaust emissions (𝐻𝐶, 𝐶𝑂, 𝑁𝑂𝑥) by 27.69%, 
73.91% and 47.59%, respectively. Verification was carried out on a suburban-urban trip. 
The results from the proposed eco-driving strategy demonstrated even better performance, 
as a 38.15% reduction in fuel, 31.08%, 72.72% and 30.73% reduction in the exhaust 
emissions (𝐻𝐶, 𝐶𝑂, 𝑁𝑂𝑥), respectively, and the capability to sustain a balanced battery 
SOC level throughout the trip, which demonstrated the effectiveness and robustness of the 
strategy over a random trip with complex types of driving conditions.  
 
6.2 Future Works 
As the strategy is mainly based on the vehicle longitudinal optimization, in the future, it 
will also include the dynamic lane-changing strategy to make it more comprehensive. In 
addition, the strategy will be improved by introducing the eco-routing algorithm, which 
selects the most fuel-efficient route by accurate estimation of the fuel cost on each road in 
the dynamic traffic environment. The application of the eco-routing approach in an urban 
traffic environment is highly correlated to the prediction accuracy of future driving 





application in the real world, the V2V and V2I communication delay will also be 
considered in the driving scenarios. Also, the travelling time of the host vehicle can be 
taken into consideration in the multi-objective optimization for a more practical driving 
experience, and the vehicle driving comfort can be considered to regulate the unnecessary 
fluctuation in the speed profile to better serve for human passengers. Besides, the work can 
be extended to the optimal control strategy for a CAHEV fleet in the urban driving 
conditions, in which case, more data such as the speed and intention of the neighboring 
vehicles are required for more efficient and safer coordination between vehicles in the same 
fleet. Finally, to make the proposed strategy applicable to the local traffic network in 
simulation, 24-hour traffic demands from the local city will be collected and modelled to 
build up a realistic urban traffic network for simulation. On the basis of that, to introduce 
more realistic conditions into this optimization problem, the locations of gas stations and 
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